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Abstract 
 
The grapevine is the most economically important fruit crop worldwide. Among the species of 
fungi considered to be the main grapevine pathogens, downy mildew is considered to be an 
extremely destructive disease of the grapevine, caused by the oomycete Plasmopara viticola 
(Berk. et Curt.) Berl. et de Toni. Grapevine research is directed towards better understanding 
of plant defence mechanisms and characterisation of the particular plant-pathogen interactions 
affecting the species. One of the most promising future strategies to ensure plant protection 
against disease is to stop the use of chemical compounds and focus on the selection of varieties 
showing durable specific resistance. Understanding plant-pathogen interaction is important for 
the future of the breeding; indeed grapevine species can be crosses, including resistant traits 
using conventional breeding techniques. In the last few years, comprehensive studies called 
omics have been applied to model plant study and these have contributed enormously to plant 
science. The project aims to decipher the mechanisms responsible for resistance in vine plants, 
since the molecular bases of the defence mechanism against P. viticola are still poorly 
understood. In particular, early responses to the pathogen, occurring within the initial 96 hours 
post inoculation, have been investigated in grape varieties using metabolomic and 
transcriptomic data. The use of leaf discs is widely adopted in experiments regarding the effect 
of different types of biotic stress on the biochemical response of the grapevine. Since there is 
little knowledge regarding mechanical wounding of grapevine leaves, we analyzed changes in 
phenolic, lipid and carotenoid content in Bianca grapevine leaves subjected to mechanical 
wounding (leaf discs), testing two different sizes of leaf discs (1.1 cm and 2.8 cm in diameter). 
One of the most well-known defence responses in vine plants is the production of defence 
compounds, mainly secondary metabolites also known as phytoalexins. Primary metabolism is 
also involved in plant defense with the participation of different molecules including 
carbohydrates, organic acids, amines, amino acids and lipids not only as a source of energy but 
also as a source of signaling molecules to directly or indirectly trigger defense response. We 
developed a rapid and versatile method for the extraction, identification and quantification of 
different classes of grape lipids using liquid chromatographic tandem mass spectrometry (LC-
MS/MS). We also validated a method for the identification and quantification of primary 
compounds belonging to different chemical classes: acids, amminoacids, amines/others and 
sugars using a GC-MS method of separation and identification, interesting in terms of 
elucidating the role of primary compounds in plant-microbe interaction in future work. In this 
project the primary and secondary metabolism were investigated after P. viticola infection, in 
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Bianca grapevine leaves with the aim of covering all the most important classes of plant 
metabolites. Our results gave a picture of plant metabolome perturbation. Several molecules 
were altered in Bianca leaf discs compared to the control after P. viticola infection, and they 
could act as potential biomarkers in Bianca variety after infection with P. viticola. Since plant 
resistance and plant-pathogen interaction are complex biological processes involving many 
signalling pathways, the multi omic approach is most suitable for examining these traits. An 
integrated metabolomic and transcriptomic approach was also applied to correlate variation in 
gene expression and metabolic perturbation in resistant Jasmine grapevine leaves, with the aim 
of discovering a specific and early stage biomarkers related to Downy mildew resistance. 
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Aim of the Ph.D. Project 
 
  
The grapevine is the most economically important fruit crop worldwide. As for other 
crops, yield and quality are often affected by external factors in which fungal pathogens play a 
major part (Ferreira et al. 2004). For this reason grapevine research is directed towards better 
understanding plant defence mechanisms and characterisation of the particular plant-pathogen 
interactions affecting the species.  
To ensure plant protection against disease, it is necessary to develop a new strategy 
against pathogen infections; one of the most promising future strategies is to stop the use of 
chemical compounds and focus on the selection of varieties showing durable specific resistance. 
Understanding plant-pathogen interaction is important for the future of the breeding; indeed 
grapevine species can be crosses, including resistant traits using conventional breeding 
techniques. 
In the last few years, comprehensive studies called omics have been applied to model 
plant study and these have contributed enormously to plant science. Omics is a powerful 
approach in terms of identifying key genes for important traits, clarifying the mechanisms of 
physiological events and revealing unknown metabolic pathways in fruit trees. 
The project aims to decipher the mechanisms responsible for resistance in vine plants, 
since the molecular bases of the defence mechanism against Plasmopara viticola are still poorly 
understood. In particular, early responses to the pathogen, occurring within the initial 96 hours 
post inoculation, have been investigated in different grape varieties using metabolomic and 
transcriptomic data. 
The metabolomic approach enables the analysis of hundreds of putative biomarkers in 
different chemical classes, allowing better understanding of the defence response. One of the 
most well-known defence responses in vine plants is the production of defence compounds, 
mainly secondary metabolites also known as phytoalexins. In this project the primary and 
secondary metabolism were investigated after P. viticola infection, with the aim of covering all 
the most important classes of plant metabolites.  
Since plant resistance and plant-pathogen interaction are complex biological processes 
involving many signalling pathways, the multi omic approach is most suitable for examining 
these traits. 
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An integrated metabolomic and transcriptomic approach was also applied to correlate 
variation in gene expression and metabolic perturbation in resistant grapevine leaves, with the 
aim of discovering a specific and early stage biomarker related to Downy mildew resistance. 
 
The thesis is divided into six parts:  
(a) introduction (Chapter I); 
 
(b) development and validation of a new analytical method for targeted analysis of lipid 
compounds (Chapter II); 
 
(c) evaluation of mechanical wounding perturbation in the grapevine leaf metabolism 
(Chapter III); 
 
(d) study of metabolic perturbation in response to Plasmopara viticola infection in a resistant 
Bianca grape variety; development and validation of a method for primary compound 
quantification (Chapter IV); 
 
(e) multi-omic approach in a resistant Jasmine grape variety: metabolomics and 
transcriptomic analysis (Chapter V); 
 
(f) concluding remarks. 
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Chapter I 
 
  
Introduction 
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Plants are exposed daily to a large number of environmental stresses, such as drought, 
flooding, salinity, nutritional deficiency, intense sun light, adverse climatic conditions, 
pollutants, pathogens and phytophagous insects and animals (Harborne 1999).  Since they do 
not have an immune system comparable to animals, plants have developed a stunning array of 
major strategies for counteracting adverse conditions, with one of the most significant being 
the synthesis of protective phytochemicals. These important phytochemicals are mainly 
secondary metabolites, not directly involved in basic processes like growth, development and 
reproduction, but involved in defence mechanisms (Bennett and Wallsgrove 1994; Dixon 
2001). 
The grapevine (Vitis vinifera L.) was among the first fruit species to be domesticated 
and today represents one of the main crop species around the world, cultivated mainly to 
produce wine but also juice, fresh fruit and raisins. With production of 7,6 thousand hectares 
(Kha) in vineyards worldwide in 2016, almost equivalent to that of 2015 (OIV; www.oiv.int), 
the grapevine plays an essential role in the economy of many countries. In 2016 global wine 
production (total for wine, including sparkling and special wine, but excluding juice and must), 
was to 267 million hectolitres (mhl), with a decline of 3% compared withthe previous year. 
Italy (51 mhl) confirms its place as the leading world producer, with slightly higher than average 
production, followed by France (43.5 mhl) and Spain (39.4 mhl) (from ‘OIV Global economic 
vitiviniculture data’- 2017).  
Unfortunately, viticulture is threatened by numerous pathogens causing severe harvest 
losses. Among the species of fungi considered to be the main grapevine pathogens, the three 
responsible for most damage in the vineyards are grey mould (Botrytis cinerea), downy mildew 
(Plasmopara viticola) and powdery mildew (Erysiphe necator). Downy mildew is considered 
to be an extremely destructive disease of the grapevine, caused by the oomycete Plasmopara 
viticola (Berk. et Curt.) Berl. et de Toni. It is an obligate biotrophic organism that depends 
exclusively on living plant cells for its growth and propagation (Heath and Skalamera 1997). 
All cultivated European Vitis vinifera cultivars are susceptible to P. viticola, which has caused 
enormous losses in Europe since 1870, when it first appeared, probably with the importation of 
American rootstocks resistant to Phylloxera (Viennot-Bourgin 1949). P. viticola infection 
occurs with penetration of the pathogen through the stomata cells. All green plant parts can be 
infested, but the pathogen usually colonises young leaves or young berries, reducing yield and 
quality (Langcake and Lovell 1980; Gindro et al. 2003). Two symptoms can be observed: firstly 
yellow circular spots on the adaxial side of leaves, called “oilspots” as soon as 5 to 7 days post 
infection, while white downy fungal growth (sporangia) will appear on the abaxial leaf surface 
in correspondence with oilspots and in other infected plant parts, exclusively if climatic 
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conditions are favourable for the pathogen development.(Blaeser M. 1978; Blaeser M. and H.C. 
Weltzien 1978; Blaeser and Weltzien 1979). 
Even before any disease symptoms appear, the invading pathogen prevents the stomata 
from closing at night or in response to water deficit, so unrestrained transpiration may lead to 
water loss and wilting of infected leaves (Allègre et al. 2007). European V. vinifera cultivars, 
the most widely cultivated at global level, are highly susceptible to P. viticola, whereas some 
North American wild species have evolved host resistance (Munson T.V. 1909; Langcake and 
Lovell 1980; Merdinoglu et al. 2003). P. viticola has a tendency to colonise both susceptible 
and resistant varieties, however not all varieties adopt the same strategy against the pathogen.  
Following infection, grapevines rely on preformed and inducible resistance mechanisms for 
defence (Keller et al. 2003; Gabler et al. 2003). Susceptible varieties of V. vinifera allow the 
causal agent P. viticola to establish biotrophism at the expense of mesophyll cells and to 
complete their life cycle under most conditions. However, the development of the parasite is 
known to be inhibited by resistant cultivars mainly due to induction of specific stress related 
metabolites known as phytoalexins, as well as Phatogen Related (PR) proteins (Dercks and 
Creasy 1989a; Derckel et al. 1999; Slaughter et al. 2008; Ferri et al. 2009; Godard et al. 2009; 
Gessler et al. 2011). Stilbene phytoalexins of Vitaceae have been found to be involved in or 
associated with plant defence and are considered to be active compounds with antifungal 
activity against various pathogens, including P. viticola (Dercks and Creasy 1989b). The ability 
to accumulate stilbenes after P. viticola infection differs in Vitis species and stilbenes usually 
appear earlier and with a higher concentration in resistant varieties as compared to susceptible 
varieties. In some cases this accumulation does not happen, indeed Vitis cinerea and Vitis 
champinii are poor stilbene producers but still have resistance against pathogens (Keller 2015). 
This suggests that phytoalexins are not the only class of compounds involved in downy mildew 
resistance and that it is necessary to better investigate this mechanism. Early inducible 
responses include the deposition of new cell wall material, the release of reactive oxygen 
species (ROS) and hypersensitive cell death (HR) at the infection site, controlled by direct or 
indirect interaction between pathogen avirulence gene products and those of plant resistance 
genes, and can be the result of multiple signalling pathways (Heath 2000).  The appearance of 
necrotic cells near invasion sites in resistant varieties is an example of localized programmed 
cell death that stops the pathogen, which as a biotroph depends on live host cells (Langcake and 
Lovell 1980; Busam et al. 1997; Kortekamp 2006).  
Quantitative trait loci (QTLs) for resistance to downy mildew have been identified 
(Merdinoglu et al. 2003; Fischer et al. 2004; Welter et al. 2007; Marguerit et al. 2009; Bellin et 
al. 2009; Moreira et al. 2010) and named “Resistance to Plasmopara viticola” (Rpv). Studies 
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of the V. vinifera genome have revealed that resistance genes and other genes involved in 
defence processes tend to be located on chromosomes 5, 7, 9, 12, 13, 18 and 19, in genomic 
regions associated with P. viticola resistance in wild grapevines (Di Gaspero and Cipriani 2003; 
Di Gaspero et al. 2007; Velasco et al. 2007; Moroldo et al. 2008). Since V. vinifera does not 
carry any resistance to downy mildew, the current strategy to control the disease in Europe 
relies on the repeated use of fungicides, with an adverse impact on the environment as well as 
negative effects on human health.  Additionally, this crop protection strategy is increasingly 
less efficient over time, and fungicide resistance is frequently found in pathogen populations in 
commercial vineyards (Gómez-Zeledón et al. 2013) due to the development of new and more 
resistant strains of pathogen (Chen et al. 2007). Pesticides are still effective at the moment, but 
it is necessary to find alternative solutions to ensure protection of the environment and human 
health. The use of grapevine varieties showing durable resistance to downy mildew is a 
promising strategy to control the disease (Bisson et al. 2002), V. vinifera can be crossed with 
non-vinifera grapevine species to include resistant traits using conventional breeding 
techniques (Peixe et al. 2004; Eibach et al. 2007; Gessler et al. 2011). 
Recent technical developments in genomics, transcriptomics, proteomics and 
metabolomics have become key tools in the development of systems biology. These new 
platforms of so-called “-omic” technologies allow detailed investigation of complex 
phenomena, and enable understanding of the molecular mechanism responsible for the 
phenotype of organisms during development or in response to the environment. In the last two 
decades comprehensive omics studies have been applied to model plant study and have 
contributed enormously to plant science (Shiratake and Suzuki 2016). Genomics refers to large-
scale molecular analysis of multiple genes, gene products or regions of genes. Transcriptomics 
and proteomics refer respectively to the study of the entire set of RNAs and proteins derived 
from genome. Metabolomics represents the study of the metabolome, the totality of small 
molecules formed by a cell, tissue or organism under certain conditions. Recently, combination 
and integration of several omics has been performed on a single sample or material, and these 
are called multi-omics or integrated-omics. The advances in omics studies are supported by the 
invention and improvement of analytical instruments, including the next generation DNA 
sequencer (NGS) and mass spectrometer (MS). Omics data are analysed using bioinformatics, 
and various important genes, proteins, metabolites and metabolic pathways have been identified 
with these approaches. The grapevine genome was sequenced in 2007, was the first among fruit 
trees and the fourth among flowering plants by the French-Italian Public Consortium (Jaillon et 
al. 2007) and by the Italian-American Collaboration (Velasco et al. 2007). Many 
transcriptomics studies of the grapevine have focused on the response to pathogens, including 
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fungi, oomycetes, viruses and phytoplasma (Malacarne et al. 2011; Giraud et al. 2012; Abbà et 
al. 2014; Almagro et al. 2014; Gauthier et al. 2014; Li et al. 2015). To  better understand the 
interaction between the grapevine and Botrytis cinerea, multi-omics approaches were recently 
adopted; Agudelo–Romero et al. (2015), observed changes in the transcriptome and 
metabolome, providing evidence of reprogramming of carbohydrate and lipid metabolisms 
towards synthesis of the secondary metabolites involved in V. vinifera cv. Trincadeira berries 
following infection with Botrytis cinerea, including resveratrol (Agudelo-Romero et al. 2015). 
The integration of transcriptomics and proteomics suggests that cell wall strengthening, 
accumulation of Pathogenesis Related proteins (PR) and excretion of lytic enzymes are 
important molecular mechanisms in the defence of the grapevine against Botrytis cinerea 
(Dadakova et al. 2015). Metabolomics studies have been reported for the grapevine and some 
of them investigated differences between grapevine cultivars (Mulas et al. 2011; Gika et al. 
2012; Teixeira et al. 2014; Degu et al. 2014). Studies have been carried out and others are still 
underway to decipher the mechanisms responsible for resistance in vine plants. It is still 
necessary to investigate defence mechanisms against P. viticola in the grapevine. Multi-omics 
information from different cultivars could be useful in order to proceed with the best breeding 
strategies in the future. 
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Preface to Chapter II 
 
 
Lipids are critical components of plant cell membranes and provide energy for 
metabolic activities. In recent years, increasing evidence has shown that lipids also function as 
mediators in many plant processes, including signal transduction, cytoskeletal rearrangement 
and membrane trafficking (Wang 2004). These processes are crucial both for cell survival, 
growth and differentiation and for plant responses to water, temperature, salinity, pests and 
pathogens. 
The hydrophobic nature of lipids and the relative instability of some products of lipid 
metabolism have limited our understanding of the involvement of lipids in plant-microbe 
interaction. However, studies with the model plant Arabidopsis thaliana have expedited efforts 
to understand the role of lipids and proteins involved in lipid metabolism and signalling in plant-
microbe interaction. Although grape lipids are a very important class of plant metabolites, 
knowledge about them is still very limited to date, with the exception of those located in seeds. 
Lipids and lipid metabolites released from the membrane work as signal molecules in activating 
the plant defence response (Shah 2005).  
The study of lipids has been complicated by their structural diversity and complexity. 
Following the LIPID MAPS classification (http://www.lipidmaps.org), lipids can be divided 
in eight categories: fatty acyls (FA), glycerolipids (GL), glycerophospholipids (GP), 
shingolipids (SP), sterol lipids (ST), prenol lipids (PL), saccharolipids (SL) and polyketides 
(PK). Recent advances in liquid chromatography coupled to mass spectrometry have paved the 
way for faster analysis of lipids with minimal sample preparation.  
The aim of this study was to develop a rapid and versatile method for the extraction, 
identification and quantification of different classes of grape lipids: fatty acids, sterols, 
glycerolipids, glycerophospholipids and sphingolipids using liquid chromatographic 
electrospray ionization tandem mass spectrometry (LC/ESI-MS/MS), interesting in terms of 
elucidating the role of lipids in plant-microbe interaction in future work. We were able to set 
up instrumental conditions to obtain very good class separation on the basis of retention time 
using liquid chromatography (LC). Structural information to confirm lipid identity was 
obtained with a preliminary fragmentation study, showing a characteristic MS/MS 
fragmentation pattern for each class of compounds. The method was validated for 33 lipids, 
with the linearity range expressed as R2 from 0.95 to 1.00; the limits of quantification (LOQ) 
were different for each compound and were in the range of 0.003-14.88 ng/mL. Intra-day and 
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inter-day repeatability were evaluated by calculating the coefficients of variation (CV%). The 
linearity data were used to assess the percentage of matrix effect (ME%), which was calculated 
as (1-slope in solvent/slope in matrix), expressed as a percentage. We obtained relative recovery 
ranges over 90% for 12 compounds, between 80% and 90% for 8 compounds, between 70% 
and 80% for 5 compounds, between 60% and 70% for 6 compounds and below 60% for 1 
compound. 
The method was successfully applied for the analysis of 18 healthy grape samples (10 
red grape and 8 white grape varieties) from 4 different genetic groups: Vitis vinifera, Vitis non-
vinifera, Muscat and hybrid (Emanuelli et al. 2013). Preliminary observations suggest the 
existence of diversity in the composition of grape lipids according to the cultivar, which 
requires further confirmation. With regard to differences in the lipid profile or concentration 
linked to grape colour, we did not notice any particular trend in these samples. The method can 
easily be extended to other plant tissues and to include further compounds. We believe it is a 
starting point for analysis of the lipid profile in different grape tissues, an essential goal for 
better understanding the role of lipids in grape physiology. 
My personal contribution to this work mainly concerned the setting up of the 
instrumental conditions: identification of mass transitions (MRM) and optimization of the 
instrumental parameters for each metabolite for analysis with UHPLC–ESI-MS/MS. Moreover, 
I was involved in method validation according to the European pesticide guidelines (European 
Commission, Document No. SANCO/12495/2011 Validation and quality control procedures 
for pesticide residues analysis in food and feed, (2011)) I was also involved in sample 
preparation and analysis of the first samples for the initial application of the method using grape 
berries. Finally, I participated in writing the manuscript as first co-author, and by managing the 
comments and improvements to the text by other authors. 
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Preface to Chapter III 
 
  
Plants are commonly exposed to a large number of stresses, which can be divided into 
two main categories: abiotic (environmental) and biotic (biological). One of these 
environmental stresses is represented by mechanical damage to leaf tissue due to rain, snow, 
wind, animals, pathogens, or the plant themselves (Benikhlef et al. 2013). Plants have many 
external structural defences; when this initial protection strategy is not enough to protect 
themselves, plants are able to modulate their metabolic pathways to produce chemical 
compounds having defence properties.  
The use of leaf discs is widely adopted in various kinds of experiments for different 
vegetable species (e.g. cucumbers, sunflowers, lactuceae, chilli peppers, tomatoes, cacao, 
Chinese cabbage and kidney beans) and in particular in studies regarding the effect of different 
types of biotic stress on the biochemical response of the grapevine. This makes it necessary to 
understand metabolic perturbation after injury. Since there is little knowledge regarding 
mechanical wounding of grapevine leaves, the aim of this study was to analyse changes in 
phenolic, lipid and carotenoid content in Bianca grapevine leaves subjected to mechanical 
wounding (leaf discs) at 0, 6, 12, 24, 48, 96 and 120 hours after injury, testing two different 
sizes of leaf discs (1.1 cm and 2.8 cm in diameter) in order to determine the role of these 
compounds in response to mechanical stress. To our knowledge, this is the first work which has 
studied the effect of cutting stress in widely used leaf disc experiments. Comparing both leaf 
disc sizes, similar metabolism perturbation was found. In our work, bigger differences in 
stilbenes and stilbenoids were found in 1.1 cm diameter discs compared to those 2.8 cm in 
diameter, with an accumulation of some compounds, such as alpha-viniferin, pallidol and 
ampelopsin H + vaticanol C-like isomer. Our results indicate that mechanical wounding 
induced accumulation of compounds with less or as yet undescribed toxic activity against 
pathogens, especially in 1.1 cm diameter discs, assuming their implication in response to abiotic 
stress. The smallest differences were found in compounds with confirmed activity against 
pathogens, in relation to the size of the discs. In lipids and carotenoids the differences were less 
visible and the trend was mostly the same after mechanical wounding in both sizes, with an 
increase in fatty acids such as linoleic acid, linolenic acid and oleic + cis-vaccenic acid during 
the first 12 hours after injury, followed by a return to basal level. These results allowed us to 
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surmise their role in response to abiotic stress, in particular to mechanical wounding of 
grapevine leaves.  
The metabolic results of this work can be used to better apply the best leaf disc technique 
to evaluate metabolic changes due to biotic stress, having previous knowledge about the 
perturbation caused by abiotic stress. These findings are significant for experiments studying 
the different behaviour of resistant varieties (totally or partially) and sensitive varieties, in terms 
of the biochemical mechanisms involved in resistance to the disease. A better understanding of 
resistance biochemistry may lead to improved selection of resistant plants in order to reduce 
fungicide treatments. The lack of information about the effect of mechanical wounding on the 
grapevine leaf metabolism led to the concept behind this experiment.  
My personal involvement in this project started with the experimental design. I 
personally performed the experiments, analysis and data processing and I was responsible for 
writing the manuscript and managing the comments and improvements to the text by other 
authors. 
 
This chapter has been reprinted* from: 
Chitarrini, G., Zulini, L., Masuero, D., and Vrhovsek, U. (2017). Lipid, phenol and carotenoid 
changes in “Bianca” grapevine leaves after mechanical wounding: a case study. Protoplasma, 1–12. 
doi:10.1007/s00709-017-1100-5. 
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Preface to Chapter IV 
 
 
The ‘Bianca’ grapevine cultivar is a Hungarian hybrid, obtained by crossing Bouvier 
and the resistant grapevine Villard Blanc in 1963 in the Eger wine region of north-east Hungary. 
It is cultivated principally in Hungary, but some vineyards with this variety can be found in the 
Russian wine region of Krasnodar Krai and in Moldavia. The grape was officially registered 
for use in wine production in 1982 and is used today to make a wide assortment of wines, from 
dry to sweet dessert wines. It shows good resistance both to downy and powdery mildew and 
has very good tolerance to frost. A major QTL, named Rpv3, has been found to account for 
Bianca’s partial resistance to downy mildew; for this reason Bianca is popular among organic 
vine growers. The grape clusters of Bianca tend to be medium-sized to very large, but the berries 
always tend to be small, with a noticeable waxy coating.  
In this work we monitored metabolite changes in leaf discs of the resistant variety 
Bianca after inoculation with a suspension of Plasmopara viticola, with the aim of discovering 
biomarkers for specific stages of the host defence. In particular we evaluated primary and 
secondary metabolism at 12, 24, 48 and 96 hours post inoculation. We used existing protocols 
of LC-MS/MS for identification and quantification of lipids and phenols, and GC-MS for 
identification and semi-quantification of volatile organic compounds (VOCs). Moreover, we 
validated a new GC-MS protocol for the identification and quantification of primary 
compounds. 
The method was successfully applied to Bianca leaf discs dataset with the identification 
and quantification of 48 metabolites. This work highlighted some important aspects of the host 
response to P. viticola in a commercial variety under controlled conditions, providing 
biomarkers for a better understanding of the mechanism of plant defense and a potential 
application in field studies of resistant varieties. Our results gave a picture of plant metabolome 
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perturbation with the finding of 53 molecules perturbed in Bianca leaf discs after P. viticola 
inoculation compared to the control. These compounds could be a potential biomarkers in 
Bianca variety after its infection with P. viticola. In general we found a primary metabolism 
perturbation during the first 24-48 hours post infection and a later modification on metabolites 
belonging to secondary metabolism at 48-96 hours post infection. 
My personal contribution to this work started with the experimental design; I personally 
performed the experiment, the extraction and analysis of compounds and the data processing. I 
was also involved in the method validation of primary metabolites. I was responsible for writing 
the manuscript and managing the comments and improvements to the text by other authors.  
 
Information and images of Bianca grape adaxial and abaxial leaf surfaces were retrieved from the Vitis 
International Variety Catalogue – VIVC. 
 
This chapter has been reprinted* from the uncorrected proof accepted in Frontiers in Plant Science 
Journal: 
Chitarrini, G., Soini, E., Riccadonna, S., Franceschi, P., Zulini, L., Masuero, D., Vecchione, A., 
Stefanini, M., Di Gaspero, G., Mattivi, F., et al. (2017). Identification of biomarkers for defence 
response to Plasmopora viticola in a resistant grape variety. Front. Plant Sci. 8.  
doi: 10.3389/fpls.2017.01524. 
 
*Reprinted with permission  
Copyright © 2017, Springer-Verlag Wien 
Copyright: © 2017 Chitarrini, Soini, Riccadonna, Franceschi, Zulini, Masuero, Vecchione, Stefanini, Di 
Gaspero, Mattivi and Vrhovsek. This is an open-access article distributed under the terms of the Creative 
Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, 
provided the original author(s) or licensor are credited and that the original publication in this journal is cited, 
in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does 
not comply with these terms. 
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Supplementary Figure 1: Different classes of primary compounds taken into account for the GC-MS/MS 
validation method. 
 
 
 
 
Supplementary Figure 2: t-statistic values of our metabolites. For network analysis we took into account only 
metabolites with |t|>3. 
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Supplementary Table 1: GC-MS method validation results for the identification and quantification of primary 
compounds. RT Retention Time; RI Retention Index; LOD Limit of Detection; LOQ Limit of Quantification. 
Class Compound 
RT 
(min) 
RI  m/z 
Intra-
day CV 
(%) 
Inter-day 
CV (%) 
Recovery 
(%) 
Matrix effect 
(%) 
Linearity range 
(mg/L) 
LOD 
(mg/L) 
LOQ 
(mg/L) 
Acids            
 oxalic acid 9.36 1131 175+190 18.2 26.4 118.9 0 0.5-100 0.167 0.5 
 malonic acid 11.17 1203 233 15.2 44.6 97.2 17 0.05-100 0.017 0.05 
 benzoic acid 12.20 1242 179 1.8 8.4 50.4 -21 0.005-100 0.002 0.005 
 nicotinic acid 13.37 1288 180 1.3 3.1 131.7 -6.1 0.005-50 0.002 0.005 
 maleic acid  13.67 1300 245 1.4 5.1 107.3 0 0.005-200 0.002 0.005 
 succinic acid 13.98 1312 247 1.3 3.8 106.7 1.5 0.005-150 0.002 0.005 
 glyceric acid 14.45 1330 189 0.7 6.8 80.5 -11.4 0.005-150 0.002 0.005 
 fumaric acid 14.91 1350 245 3.1 6.4 92.7 -6 0.01-20 0.003 0.01 
 glutaric acid 16.25 1404 261 1.8 4.2 105.9 -8.8 0.005-150 0.002 0.005 
 citramalic acid 17.81 1469 247 1.5 4.5 100.1 -8.1 0.005-40 0.002 0.005 
 malic acid 18.31 1489 335 1.6 4.4 82.4 -7.1 0.005-200 0.002 0.005 
 salicilic acid 18.63 1505 209 1.7 8.8 102.6 -25.3 0.5-150 0.167 0.5 
 pyroglutamic acid 18.83 1514 156 1.6 7.1 126.2 -9.6 0.1-10 0.033 0.1 
 cinnamic acid 19.51 1542 205 1.4 5.1 63.9 -12.4 5-100 1.667 5 
 mevalonic acid 19.86 1558 233+247 1.8 16.5 62.6 -17.6 0.5-200 0.167 0.5 
 threonic acid 19.96 1563 292 3.8 6.3 122.4 -19.7 0.005-40 0.002 0.005 
 α-ketoglutaric acid 20.25 1575 198 2.8 4.4 90.2 -5.9 1-100 0.333 1 
 3-hydroxy-3-
methylglutaric acid 
20.81 1601 247 1.5 4.8 100.8 -19.5 0.05-40 0.017 0.05 
 tartaric acid 21.68 1639 423 4.8 10.3 79.4 4.4 0.005-200 0.002 0.005 
 shikimic acid 25.26 1814 189 1.3 3.6 87.7 0 0.5-100 0.167 0.5 
 citric acid 25.36 1818 257+273 2.2 5.1 87.4 -24.2 0.005-10 0.002 0.005 
 isocitric acid 25.43 1823 245+273 1.5 3.3 93.4 -9 5-150 1.667 5 
 hippuric acid 25.61 1832 206 7.9 17.4 83.7 -2.4 20-100 6.667 20 
 5-keto gluconic acid  27.67 1938 364 2.7 4.3 91.3 -2.4 0.005-150 0.002 0.005 
 ascorbic+dehydroascorbic 
acid 
25.80 1841 173 2.3 7.4 112.7 -10.7 0.01-20 0.003 0.01 
 quinic acid 26.16 1860 419 3.3 5.8 103.2 -5.7 0.005-200 0.002 0.005 
 glucuronic  27.85 1947 333 2.7 4.6 106.8 5.3 0.01-150 0.003 0.01 
 galacturonic acid  28.06 1960 333 2.7 4.5 100.4 5.3 0.05-100 0.017 0.05 
 abscisic acid  32.42 2206 183 2.4 2.2 94.2 -4.5 2-150 0.667 2 
Amino acids           
 valine  8.23 1087 72 3.7 10.2 85.3 1.6 0.2-50 0.067 0.2 
 alanine 8.61 1102 116 5.8 13.6 82.2 12.7 0.005-40 0.002 0.005 
 norvaline  8.77 1107 72 3.8 7.3 133.5 14 1-100 0.333 1 
 leucine 9.93 1153 86 3 6.3 134.4 14.9 0.2-100 0.067 0.2 
 isoleucine 10.46 1174 86 2.8 7.4 153.8 16.8 0.2-50 0.067 0.2 
 serine 12.50 1254 116 2.5 4.9 133.1 4.4 0.2-20 0.067 0.2 
 threonine 13.46 1291 117 1.6 5.7 133 -17.3 0.5-10 0.167 0.5 
 proline  13.49 1293 142 5.6 27.6 82.2 -22 0.1-100 0.033 0.1 
 glycine 13.74 1303 248 2.9 6.9 123.8 45.7 0.005-10 0.002 0.005 
 aspartic acid  16.65 1421 160 2.5 19.3 96.5 11.7 5-150 1.667 5 
 β-alanine 16.76 1426 248 2.6 6.7 116.4 -39.8 0.005-10 0.002 0.005 
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 ɣ-aminobutyric acid 19.14 1527 304 1.3 6.4 103.9 -15.4 0.05-40 0.017 0.05 
 asparagine  20.63 1582 159 5.1 21.2 137.4 21.1 10-150 3.333 10 
 phenylalanine  21.21 1620 218 3.2 16.5 58.1 17.3 0.5-40 0.167 0.5 
 ornithine+arginine 23.89 1746 174 11.4 21.6 96.6 -2.6 0.5-150 0.167 0.5 
 lysine 25.92 1848 174 9.5 23.8 81.5 -12.5 0.2-100 0.067 0.2 
 tyrosine 26.51 1877 179 10.2 24.6 87.2 -28 5-100 1.667 5 
Amines / Others           
 2-pyrrolidinone 9.60 1138 142 2.4 3.6 108.1 -9.4 0.05-100 0.017 0.05 
 isopentylamine 9.88 1152 174 2 6.2 118.1 -2 0.2-200 0.067 0.2 
 uracil 14.50 1333 241 10.7 20.3 136.3 -4.5 0.005-20 0.002 0.005 
 nicotinamide 17.93 1470 179 2.4 3.5 101.7 0.5 10-100 3.333 10 
 cadaverine 25.61 1833 174 3.1 7.1 88.5 -17.3 0.02-100 0.007 0.02 
 pyridoxiamine  26.20 1863 280 3 10.3 79.3 -13.6 1-150 0.333 1 
 pyridoxal  26.35 1869 293 2.8 4.6 58.6 -0.6 0.02-150 0.007 0.02 
 tryptamine  32.49 2213 174 3.1 15.3 90.2 -4.4 0.01-20 0.003 0.01 
 spermidine  33.19 2251 144 9.5 17.3 102.5 3.8 1.0-40 0.333 1 
 uridine 36.17 2436 217 5.7 10.8 133.4 4.6 10-200 3.333 10 
 serotonine  36.35 2450 174 1.3 21.2 102.3 9.8 0.05-50 0.017 0.05 
 adenosine  38.96 2630 230 1.5 3.1 91.4 -19.3 0.1-50 0.033 0.1 
Sugars           
 maltol 13.22 1278 183 1.3 13.2 110.1 -15.8 1.0-50 0.333 1 
 threitol 18.61 1504 217 2.1 7.7 125.4 14.9 0.005-40 0.002 0.005 
 meso-erythriol 18.79 1512 217 2 7.3 120.8 7.9 0.01-40 0.003 0.01 
 apiose 21.56 1636 217 0.8 6.6 131.7 22.3 0.2-150 0.067 0.2 
 xylose  22.05 1659 217 1.5 4.5 113.3 10.4 0.005-40 0.002 0.005 
 lyxose  22.18 1664 217 1.7 5.5 117.8 13.5 0.005-40 0.002 0.005 
 ribose 22.53 1681 217 1.5 5.3 120.4 13.9 0.05-40 0.017 0.05 
 xylitol 23.12 1709 217 2.6 7.3 106.8 -7.8 0.005-10 0.002 0.005 
 α-rhamnose  23.32 1719 277 1 3.9 114.8 -8.3 0.005-100 0.002 0.005 
 arabitol 23.43 1724 189 1.2 6.3 111.4 -17.4 0.01-100 0.003 0.01 
 adonitol 23.52 1729 319 1.8 7 105.9 -15.9 0.005-50 0.002 0.005 
 fucose  23.71 1738 117 2.2 2.3 112.7 3.1 0.01-50 0.003 0.01 
 pinitol 25.59 1831 260 1.6 6.8 115 -12.5 0.005-40 0.002 0.005 
 fructose  26.64 1886 307 1.9 4.4 75.2 -28.8 0.005-200 0.002 0.005 
 mannose  26.71 1888 160 1.4 4 111.9 -2.6 0.005-100 0.002 0.005 
 galactose  26.77 1892 319 1.5 5.2 102.4 -2.8 0.005-40 0.002 0.005 
 glucose  27.26 1918 319 2 2.1 72.6 -13 0.005-200 0.002 0.005 
 sorbitol 27.66 1938 319 2.6 7.1 104.1 0 0.005-20 0.002 0.005 
 myo-inositol 30.41 2088 432 2.5 3.9 86.6 -36.8 0.005-150 0.002 0.005 
 sucrose 39.10 2642 451 4.4 19.4 109.3 -18 0.005-150 0.002 0.005 
 lactose  40.06 2708 204 3.2 7.9 91.2 -1.6 0.1-150 0.033 0.1 
 trehalose 40.63 2745 204 4.3 8.8 118.8 -1.9 0.1-150 0.033 0.1 
 maltose  40.85 2766 361 2.4 8 95.6 -1.7 0.1-150 0.033 0.1 
 melibiose  42.80 2901 204 4.3 7.6 93.5 0.8 0.5-200 0.167 0.5 
Fatty acids           
 myristoleic acid 25.66 1833 283 1.7 8.2 104.1 -17.4 5-100 1.667 5 
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 myristic acid 25.92 1848 285 1.6 5.7 100.2 2.3 0.5-100 0.167 0.5 
 palmitoleic acid 29.19 2020 311 1.6 7 98.9 -2.3 2-200 0.667 2 
 palmitic acid 29.60 2045 313 1.6 9.3 123.6 1.8 0.005-100 0.002 0.005 
 margaric acid 31.33 2141 327 1 8.2 115.5 6.2 0.5-100 0.167 0.5 
 linoleic acid 32.41 2205 337 1.4 8.5 90.6 3.1 2-200 0.667 2 
 linolenic acid 32.49 2210 335 2 7.6 108.7 2.8 5-200 1.667 5 
 oleic acid 32.54 2211 339 1.3 8.9 98.4 16.2 1-200 0.333 1 
 cis-vaccenic acid 32.64 2218 339 0.9 9.7 103.5 8.2 2-200 0.667 2 
 stearic acid 33.00 2240 341 1 8.2 88.3 -16.9 0.5-20 0.167 0.5 
 cis-11-eicosenoic acid  35.73 2410 367 3.7 10.2 99 9.8 5-200 1.667 5 
 arachidic acid 36.26 2438 369 4.1 9.9 107.4 13.3 0.005-40 0.002 0.005 
 erucic acid 38.82 2609 395 7.9 13.7 108.5 5.2 10-200 3.333 10 
 behenic acid 39.00 2639 397 11.5 11.7 131.1 -20 5.0-75 1.667 5 
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Supplementary Table 3: t statistic results of Bianca.  
 
Metabolite hpi statistic 
1-Palmitoyl-sn-glycero-3-phosphocholine 24 5.9 
2,4-Hexadienal 48 -3.7 
3-or-4-Hexenoic-acid 48 -3.2 
3-or-4-Hexenoic-acid 96 -4.1 
alpha-Viniferin 96 -3.1 
Ampelopsin D + quadrangularin A 12 -8.4 
Ampelopsin D + quadrangularin A 96 -4.4 
Ampelopsin H + vaticanol C-like isomer 96 -3.0 
Arabitol 24 8.5 
Arbutin 96 -5.4 
Aspartic acid 96 -3.7 
Astringin 96 -10.4 
Benzaldehyde 48 -3.4 
Caftaric acid 96 -6.4 
Ceramide 12 -9.3 
Ceramide 24 -12.7 
Ceramide 48 -23.4 
Ceramide 96 -8.0 
cis-Piceide 96 -5.2 
Fertaric acid 96 -3.9 
Gallic acid 96 -8.4 
Glycine 12 3.1 
Isorhamnetin-3-O-glucoside 24 4.0 
Isorhapontin 96 -6.6 
Kaempferol-3-O-glucoside 96 -3.7 
Kaempferol-3-O-glucuronide 96 -4.9 
Kaempferol-3-O-rutinoside 12 4.4 
Kaempferol-3-O-rutinoside 96 -3.2 
Linoleic acid 24 5.5 
Linolenic acid 24 3.2 
Luteolin-7-O-glucoside 96 -6.6 
Maleic acid 48 -4.4 
myo-Inositol 48 -4.1 
Myricetin 96 -4.5 
Myristoleic acid 24 3.0 
Oleic acid+cis-Vaccenic acid 24 5.1 
Pallidol 12 -4.5 
Pallidol 96 -3.0 
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Palmitic acid 96 -3.2 
Phenylalanine 48 -3.4 
Phlorizin 96 -4.2 
Proline 24 6.6 
Quercetin-3-glucoside+quercetin-3-galactoside (as que-3-glc) 96 -6.6 
Quercetin-3-O-glucoside-arabinoside 96 -4.2 
Quercetin-3-O-glucuronide 96 -8.6 
Ribose 48 -3.5 
Rutin 96 -4.1 
Sinapic acid 96 -11.9 
Succinic acid 24 4.0 
Taxifolin 96 -3.0 
Threonine 24 5.3 
trans-Coutaric acid 96 -7.0 
trans-epsilon-Viniferin 48 -3.5 
trans-Piceid 12 -3.7 
trans-Piceid 24 -3.5 
trans-Piceid 48 -4.8 
trans-Piceide 96 -9.2 
trans-Resveratrol 12 -5.4 
trans-Resveratrol 96 -3.4 
Unknown-2 96 -4.3 
Unknown-3 12 -4.9 
Unknown-4 12 4.4 
Unknown-5 12 -4.1 
Z-Miyabenol C 96 -3.8 
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Preface to Chapter V 
 
 
“Omics” technologies have advanced significantly in the last few years. Single datasets still 
offer only one dimension of an organism’s activities, while integrated ‘omics’ analysis can be 
the key to deciphering complex biological systems. Comprehensive omics studies have been 
applied to model plant study, contributing enormously to plant science (Shiratake and Suzuki 
2016). Their application makes it possible to build up a relationship between transcripts/genes 
and metabolites presenting a comprehensive view of biological processes and considering the 
organisms as complex systems. The Jasmine grapevine cultivar is a variety resistant to 
Plasmopara viticola, obtained in 2000 by P. Kozma and S. Hoffmann in Hungary, deriving 
from a cross between Bianca and SK 77-4/5 and not officially registered for use in wine 
production. The resistance phenotype of Jasmine is explained by the Rpv12 locus, located in 
chromosome 14, introgressed from Vitis amurensis. 
 
To obtain a complete picture of resistant grapevine-P. viticola interaction, we monitored 
metabolite and transcript changes in leaf discs of the resistant variety Jasmine after inoculation 
with a suspension of P. viticola.  
My personal contribution to this work started with the experimental design; I personally 
performed the experiment, the extraction, analysis and data processing of chemical compounds.  
The following is a manuscript in preparation. 
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Chapter V 
 
  
Multi-omics approach in a resistant grapevine inoculated with  
Plamopara viticola 
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Abstract 
The destructive disease downy mildew causes significant economic losses to viticulture.  
Plasmopara viticola (Berk. And Curt) Berl. and Toni is the causal agent of the disease and its 
interaction with the grapevine needs to be further investigated. The use of grapevine varieties 
with durable resistance to downy mildew is a promising strategy to control the disease. Vitis-
P. viticola interaction is still poorly understood, so applying a multi-omics approach can extend 
knowledge of how the plant system is affected by biotic stress. We used the grapevine variety 
Jasmine with a QTL providing resistance to P. viticola (Rpv12) to investigate the defence 
response to the pathogen at metabolite and transcriptional levels. Leaf discs were artificially 
inoculated and sampling took place at different time points at 12, 24, 48 and 96 hours post 
inoculation (hpi), together with not inoculated controls. We investigated primary and secondary 
metabolism using methods of identification and quantification for lipids (LC-MS/MS), phenols 
(LC-MS/MS) and primary compounds from acids, amino acids, amines/others and sugars (GC-
MS), and semi-quantification for volatile compounds (GC-MS). The same samples were used 
for Rna-seq analysis to evaluate transcriptomic perturbation. The two datasets were explored 
separately to better highlight the single -omics perturbation caused by pathogen attack. Eighty 
eight metabolites belonging to several classes show values of the t-statistics indicating a 
different behaviour between the two conditions. At 12 hours we found only some terpenoid 
metabolite modulation. The last two time points, 48 and 96 hours were characterised by an 
increase in some lipid compounds (mostly fatty acids) flavonols and phenylpropanoids. At the 
latest stage we found an increase in amino acids and sugars after pathogen inoculation. The 
change in the metabolism is a reflection of transcript modulation. Rna-seq analysis showed 432 
differentially expressed genes (DEGs) with general down-regulation at 24 hours and 
reactivation of metabolic processes at 48 and 96 hpi. A global view of transcriptome 
perturbation showed general down-regulation at 24 hours post infection, probably to save 
energy that can be used for defence responses. Metabolic processes seemed to be reactivated at 
the later time points; amino acid, carbohydrate and lipid related genes were up-regulated, 
together with secondary metabolism. Multiple Co-Inertia Analysis revealed a strong effect of 
perturbation due to the time course, with a similar trend in both inoculated and not inoculated 
samples. Good separation of the two condition samples was shown at 96 hpi; at that time point 
the effect of the pathogen was strongly manifested, with separation of inoculated and not 
inoculated samples. Future integration analysis is required to better highlight the correlation 
between our two –omics datasets.  
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1. Introduction 
 
Downy mildew is one of the most destructive diseases of the grapevine, causing significant 
limitations for European grape production in the absence of chemical protection of vineyards; 
it can cause crop losses and health consequences, due to fungicide application as a control 
measure. Downy mildew is caused by the biotrophic pathogen Plasmopara viticola (Berk. And 
Curt) Berl. and Toni, native to North America and introduced into Europe at the end of the 19th 
century (Millardet 1881; Viennot-Bourgin 1949). Since European Vitis vinifera grapevines do 
not have natural resistance to the pathogen, the introgression of resistant genes from resistant 
V. rupestris, V. amurensis, V. cinerea, V. riparia and Muscadinia rotundifolia varieties can be 
an alternative to the use of pesticides (Olmo 1971; Brown et al. 1995; Staudt and Kassemeyer 
2015).  
The pathogen can attack any grapevine green tissue; it is an obligate biotroph and using a 
specialised structure called the haustoria, it maintains close interaction with the hosts while 
keeping the plant alive for its own survival (Whisson et al. 2007; Fawke et al. 2015). Plants are 
able to detect the presence of the pathogen and employ a defence mechanism. P. viticola is able 
to infect both susceptible and resistant varieties and complete its life cycle; the first phases in 
the infection seem to be the same, but in resistant Vitis, sporangia are released at lower rates 
than in susceptible individuals. The similarity in the first phases of infection suggests the 
presence of post-infection mechanisms of resistance, including callose deposition, cell wall-
associated defence processes, accumulation of reactive oxygen species and hypersensitive 
response (HR) with necrosis (Gindro et al. 2003; Kortekamp and Zyprian 2003; Díez-Navajas 
et al. 2008; Bellin et al. 2009; Polesani et al. 2010), up-regulation of genes coding for 
pathogenesis-related proteins, and defence-related genes with the production of phytoalexins 
and antimicrobial compounds (Dercks and Creasy 1989; Dai et al. 1995; Pezet et al. 2004). The 
study of resistant varieties can help on understanding the mechanisms of resistance against the 
pathogen; biomarkers discovering may be used as tool for breaders to easily select resistant 
plants in nurseries and for viticulturist to monitor crops. 
Metabolomics analysis using Bianca variety after pathogen inoculation has been performed 
with the identification of 53 metabolites probably involved in resistance (Chitarrini et al. 
2017a). We decided to extend the investigation using a resistant variety containing a different 
source of resistance. Jasmine is a resistant genotype obtained in 2000 by P. Kozma and S. 
Hoffmann in Hungary, deriving from a cross between Bianca and SK 77-4/5. It is not yet 
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registered in the European Catalogue for wine production. Jasmine introgressed a QTL 
providing resistance to P. viticola (Rpv12) from Vitis amurensis, which gives it a high degree 
of resistance to the pathogen and makes it interesting for finding biomarkers of resistance 
(Venuti et al. 2013). SK77-4/5 was bred at the University of Novi Sad, Serbia and Montenegro 
(Cindric et al. 2000) by crossing Kumbarát, which originated from hybridisation of V. 
amurensis and V. vinifera, and V. vinifera ‘Traminer’. Bianca is an hybrid between Villard 
Blanc and Bouvier, obtained in Hungary in 1963 (Csizmazia and Bereznai 1968). In our 
previous study we focused on metabolites modulation after pathogen inoculation with the aim 
to identify biomarkers of resistance (Chitarrini et al. 2017a); in the present work we decided to 
increase the level of investigation with the analysis of two –omics. Technical developments in 
genomics, transcriptomics, proteomics and metabolomics have become key tools in the 
development of systems biology. Metabolomics is a widely used approach of great importance, 
mainly because plants contain a unique metabolome that changes with the environment, 
development and following pathogen infection (Fernie et al. 2004). In grapevine research, the 
main focus in metabolomics studies has been on grape growth, development and ripening, with 
a focus on grapevine berries of a specific cultivar (Smart et al. 2006; Grimplet et al. 2009; 
Zamboni et al. 2010; Fortes et al. 2011; Cuadros-Inostroza et al. 2016), or a particular kind of 
stress (Hong et al. 2012). Recent studies have been performed with metabolomics analysis of 
the grapevine after P. viticola infection involving a specific class of compound or a small 
number of identified compounds (Ali et al. 2012; Becker et al. 2013; Algarra Alarcon et al. 
2015). Transcriptomics refers to the study of the entire RNA derived from genome; 
transcriptomic technologies have allowed a better and comprehensive understanding of the 
transcriptional changes occurring during grapevine response to downy mildew (Polesani et al. 
2010; Wu et al. 2010). Several studies have been performed involving transcript investigation 
in response to pathogens, including fungi, oomycetes, viruses and phytoplasma (Malacarne et 
al. 2011; Giraud et al. 2012; Abbà et al. 2014; Almagro et al. 2014; Gauthier et al. 2014; Li et 
al. 2015). Using a single ‘omics’ approach it is possible to clarify and show only one dimension 
of an organism’s activities, but it may not be sufficient to characterise the complexity of 
biological systems (Gygi et al. 1999). Comprehensive omics studies have been applied to model 
plant study, contributing enormously to plant science (Shiratake and Suzuki 2016). Their 
application makes it possible to build up a relationship between transcripts/genes and 
metabolites, offering a comprehensive view of biological processes and considering the 
organisms as complex systems. Some work has been done on the grapevine using an integrated 
approach after drought stress (Savoi et al. 2016), on berry developmental stage (Zamboni et al. 
2010), light exclusion (Guan et al. 2016) or interaction with powdery mildew (Agudelo-Romero 
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et al. 2015). Integrated transcriptomics and metabolomics analysis could be powerful tool for 
building up the relationship between informative elements – genes/transcripts – and functional 
elements – metabolites – in cells (Zhang et al. 2010). The aim of this work was to combine 
metabolomic and transcriptomic approaches to investigate perturbation in the resistant Jasmine 
grapevine inoculated with P. viticola. 
 
2. Material and methods 
 
2.1 Plant material and artificial inoculation 
The Jasmine mother plants were from the Alto Adige region. Own-rooted vines (n=45) were 
grown in potted soil in controlled greenhouse conditions. At the 12-leaf shoot stage, the plants 
were sorted into three homogenous groups, each group representing a biological replicate. At 
the time of the experiment the plants were healthy, with no evidence of foliar diseases. The 
third, fourth and fifth fully expanded leaves from the apex were detached and rinsed with 
ultrapure water. 1.1 cm diameter discs from each leaf were excised with a cork borer and 
distributed randomly in Petri dishes with the abaxial surface up. Petri dishes were divided into 
two groups: inoculated samples and not inoculated (control) ones. Inoculated samples were 
treated by spraying a P. viticola sporangial suspension at 106 sporangia mL-1, while control 
samples were treated by spraying ultrapure water (mock). Petri dishes were incubated at 21°C 
until sampling. Samples were collected at 12, 24, 48 and 96 hours post infection/mock (hpi) for 
metabolic analysis and immediately frozen with liquid nitrogen. We obtained 4 Petri dishes for 
each time point for each condition, which have been grounded together to constitute a single 
sample. Leaf discs of 1.1 cm were excised from the same plants for transcriptomic analysis; 
inoculated and control samples were treated in the same way as metabolic ones. At 12, 24, 48 
and 96 hours post infection/mock, two leaf discs of 1.1 cm in diameter for each condition were 
placed in a 2 mL Eppendorf, immediately frozen with liquid nitrogen and stored at -80°C for 
Rna-seq analysis, performed in collaboration with the genomic platform of the Fondazione 
Edmund Mach. Three biological replicates per treatment and time point were analysed. 
 
2.2 Metabolite analysis 
Primary metabolites were determined following the methodology published by Chitarrini et al. 
(2017a). One µL of derivatised extract was injected for GC/MS analysis. The analysis was 
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performed using a Trace GC Ultra combined with a TSQ Quantum GC mass spectrometer and 
an Triplus autosampler (Thermo Electron Corporation, Waltham, MA). A RXI-5-Sil MS 
w/Integra-Guard® (fused silica) (30 m x 0.25 mm x 0.25 µm) column was used for compound 
separation. Data acquisition was performed in full scan mode from 50 to 700 m/z. Data 
processing was performed using XCALIBURTM 2.2 SOFTWARE. 
Lipid compounds were determined accordingly to Della Corte et al. (2015). Chromatographic 
analysis was carried out using a UHPLC Dionex 3000 (Thermo Fischer Scientific Germany) 
with a RP Ascentis Express column (15 cm x 2.1 mm; 2.7 µm C18), following a 30 min 
multistep linear gradient as described in Della Corte et al., (2015) (Della Corte et al. 2015). The 
UHPLC system was coupled to an API 5500 triple-quadrupole mass spectrometer (Applied 
Biosystems/MDS Sciex). Compounds were identified based on their reference standard, 
retention time and qualifier and quantifier ion, and were quantified (expressed as mg/Kg) from 
linear calibration curves built with standard solutions using Analyst Software. 
Phenolic compounds were determined with a method adapted from Vrhovsek et al. (2012). 
Chromatographic analysis was performed using a Waters Acquity UPLC system (Milford) with 
a Waters Acquity HSS T3 column (100 mm x 2.1 mm; 1.8 µm). Mass spectrometry detection 
was performed on  a Waters Xevo triple-quadrupole mass spectrometer detector (Milford) with 
an electrospray ionization (ESI) source (Vrhovsek et al. 2012). Compounds were identified 
based on their reference standard, retention time and qualifier and quantifier ion, and were 
quantified using their calibration curves and expressed as mg/kg of fresh leaves. Data 
processing was performed using Waters MassLynx V4.1 software.  
Volatile compounds were extracted from grapevine leaves using a method adapted from 
Matarese et al. (2014) and Salvagnin et al. (2016). A Trace GC Ultra gas chromatograph 
coupled to a Quantum XLS mass spectrometer (Thermo Scientific, Electron Corporation, 
Waltham, MA) was used. Compounds were separated using a fused silica Stabilwax®-DA 
column (30 m x 0.25 mm i.d. x 0.25 μm) (Restek Corporation, Bellefonte, USA). The headspace 
was sampled using 2-cm DVB/CAR/PDMS 50/30 μm fibre from Supelco (Bellefonte, PA). 
Data processing was performed using XCALIBURTM 2.2 SOFTWARE. Identification of 
volatile compounds was carried out by injecting pure reference standards when available, or 
comparing retention index and mass spectra using the NIST MS Search 2.0 database. Results 
were expressed in µg/kg with semi-quantification using 1-heptanol. All the metabolite 
extraction methods and instrumental conditions were adapted for the leaf matrix as previously 
described (Chitarrini et al. 2017a). 
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2.3 RNA extraction and RNA sequencing analysis 
One-hundred milligrams of tissue were ground to powder with liquid nitrogen. RNA was 
isolated according to the manufacturer’s instructions of Spectrum™ Plant Total RNA Kit 
(Sigma-Aldrich, Germany) commercial kit. Total RNA quality was checked on RNA 
ScreenTape with an Agilent 2200 Tapestation (Agilent Technologies, USA). Starting from 1µg 
of high quality total RNA, 120 cDNA libraries were constructed according to the KAPA 
Stranded mRNA-Seq Kit (Kapa Biosystems, Massachusetts, US). Each library was baracoded 
using the SeqCap Adapter kit A and B (NimbleGen, Roche) and the final size of 250-280bp 
was confirmed on High Sensitivity D1000 ScreenTape with the Tapestation 2200 (Agilent 
Technologies, USA). All the libraries were quantified with a KAPA Library Quantification kit 
– Illumina (Kapa Biosystems, Massachusetts, US) using the LightCycler 480 (Roche, 
Mannheim) and multiplexed random in 4 pools in equimolar way. Each pooled library was 
sequenced on an Illumina HiSeq 2500 platform with paired end runs of 2 × 50 bps. Base calling 
and quality control were performed on the Illumina RTA sequence analysis pipeline. 
 
2.4 Data analysis 
Statistical analysis and data visualisation were performed with custom R scripts (R Core Team 
2017). Any missing values presents in the metabolomics dataset were imputed with a random 
value between zero and the LOQ. The metabolite concentrations were transformed using the 
base 10 logarithm, in order to make data distribution more normal-like (van den Berg et al. 
2006). Metabolite principal component analysis (PCA) was performed on the obtained 
multidimensional dataset, after mean centring and unit scaling, using the FactoMineR and 
Factoextra R packages (Lê S., Josse J., Husson F. 2008; Kassambara A., Mundt F. 2017). The 
t-statistic was computed using the Stats package (R Core Team 2017), while network 
visualisation exploited the ggraph package (Pedersen T. L. 2017).  
Raw sequenced reads were aligned to the grapevine transcriptome of reference ( PN40024 12X 
CRIBI) (Jaillon et al. 2007; Wang et al. 2015) using Bowtie2 software (version 2.1.0, 
www.sourceforge.net/projects/bowtie-bio/files/bowtie2) (Langmead 2010). An average of 
26,240,191 M 50 nt pair ends reads was generated per sample. The average percentage of reads 
aligned to the transcriptome reference for all the samples was 84.71%. Differentially expressed 
genes (DEGs) analysis was performed with the R package DeSeq2 (Love et al. 2014). 
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Transcripts PCAs were performed with the FactoMineR and Factoextra R packages (Lê S., 
Josse J., Husson F. 2008; Kassambara A., Mundt F. 2017). Gene enrichment analysis was 
performed using blast2GO (http://www.blast2go.org/). Functional annotations of genes were 
retrieved from Grimplet et al. (2012), VitisCyc and CRIBI V2.1 version 
(http://genomes.cribi.unipd.it/DATA/) (Grimplet et al. 2012; Naithani et al. 2014). MCIA on 
the two dataset was performed using the omicsade4 R package and the results were visualized 
using custom R scripts.  
3. Results and Discussion 
 
3.1 Impact on the metabolome 
To evaluate metabolic perturbation after P. viticola infection, targeted metabolite analysis was 
undertaken at all time points in inoculated and not inoculated samples. A total of 175 
metabolites were identified and quantified, belonging to acids, amino acids, amines and others, 
sugars, carnitines, sterols, fatty acids, glycerolipids, glycerophospholipids, sphingolipids, 
prenols, benzoic acid derivates, coumarins, phenylpropanoids, dihydrochalcones, flavones, 
flavan-3-ols, flavonols, stilbenes and stilbenoids and other phenolics. All these were quantified 
with the relative standard and expressed as mg/kg of fresh leaves, while volatile acids, alcohols, 
aldehydes, benzenoids, ketones, terpenoids, other VOCs and unknown VOCs were semi-
quantified as the equivalent of the internal standard (1-heptanol) and expressed as µg/kg of 
fresh leaves (Table V. 1). A complete list of the compounds identified and their concentration 
is reported in Table V. S1-S2-S3-S4. 
Table V. 1: Class and number of compounds identified and quantified in Jasmine samples for primary, lipid, 
phenol and volatile compounds 
P
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L
ip
id
 c
o
m
p
o
u
n
d
s 
CLASS # 
acids  17 carnitines 1 
amino acids 13 sterols 3 
amines 3 fatty acids 13 
sugars 14 glycero lipids 4 
   glycero phospholipids 4 
   sphingolipids 1 
    prenols 1 
      
P
h
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o
l 
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s 
CLASS # 
V
o
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ti
le
 c
o
m
p
o
u
n
d
s 
CLASS # 
benzoic acid derivateds 4 acids 3 
coumarins 2 alchohols 7 
phenylpropanoids 6 aldehydes 9 
dihydrochalcones 1 benzenoids 4 
flavones 1 ketones 4 
flavan-3-ols 9 terpenoids 14 
flavonols 11 other 4 
stilbenes+stilbenoids 14 unknown 6 
other phenolic 2     
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The metabolic response was explored by using a PCA (Fig V. 1): the first two dimension 
explain the 49.1% of the total variance. The three biological replicates are reported as small 
points (dots correspond to inoculated samples, triangles to non inoculated) and are linked to 
their mean value (biggest point). The analysis of all the measured compounds revealed a trend 
based on time (from top left to bottom right), which is highlighted with different colours (from 
red, corresponding to 12 hpi, to violet, corresponding to 96 hpi) as well as a separation between 
inoculated samples and not inoculated mostly at 12, 48 and 96 hpi. 
 
 
Fig. V. 1. Principal component analysis performed on the log 10-transformed metabolite concentration of all 
analysed compounds. For each time point, three biological replicates (smaller dots) are represented for each 
condition (circle: inoculated samples; triangle: not inoculated) and linked with their means (larger dots). Each 
time point is represented with a different colour: red for samples collected at 12 hpi, blue for 24 hpi samples, 
green for 48 hpi samples and violet for 96 hpi samples. 
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Analyzing the classes of compounds separately, we noticed a different behaviour for each class 
(see Fig. V.2). Among primary metabolites (Fig. V. 2A) we notice a separation between the 
two conditions at 96 hours, which correspond to the violet points very close by. The time trend 
is captured by the first component, more than the difference between the two conditions. The 
points at 12 and 48 hpi lying far away from their means indicates high variability among 
biological replicates. In particular, it is due to a different sugar and amino acid profile in one 
biological replicate compared to the remaining ones. Lipid compounds (Fig. V. 2B) seem to be 
mostly different between inoculated samples and not inoculated ones at 24 and 48 hpi. Now the 
time trend is captured by the second component (from top to botton), while the first axis 
separates the two conditions. Polyphenols PCA (Fig. V. 2C) shows a separation at 48 and 96 
hpi and volatiles (Fig. V. 2D) are mainly perturbed at 12 and then at 96 hours caused by the 
pathogen infection. Again the time trend can be noted from top to bottom, indicating that it is 
captured by the second component. 
 
 
Fig. V. 2. Principal component analysis of the log 10-transformed metabolite concentration of individual classes: 
A) primary compounds B) lipids C) phenol compounds D) volatile compounds. For each time point, three 
biological replicates (smaller dots) are represented for each condition (circle: inoculated samples; triangle: not 
inoculated) and are linked with their means (larger dots). Each time point is represented with a different colour: 
red for samples collected12 hours post-infection (hpi), blue for 24 hpi samples, green for 48 hpi samples and violet 
for 96 hpi samples. 
In order to focus on the metabolites which are mostly different between inoculated samples and 
not inoculated, we selected 88 metabolites having absolute value of the t statistic greater than 3 
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(|t|>3) in at least one time point (Fig. V. S1; Table V. S5) (Fig. V. 3). We summarized the 
information in the network represented in Fig. V. 3. The network contains 88 nodes, each one 
representing one metabolite. A link is drawn between two metabolites only if both are among 
those most different (|t|>3) at the same time point. In the same visualisation the compound 
classes is highlighted by the color of the nodes and the time course information by color of the 
link (Fig. V. 3). 
The P. viticola-Jasmine interaction perturbs the metabolome with a higher number of 
compounds modulated in comparison with the same experiment performed on Bianca variety, 
(Chitarrini et al. 2017a). A small number of VOCs and primary compounds appear to be 
modulated at 12 hpi, as occurred in Bianca; in particular, terpenoid compounds such as α-
terpinolen, farnesene, geraniol, dihydroactinolide and β-ionone epoxide were present in higher 
concentrations in inoculated samples at this early stage. As has been previously reported, our 
results suggest that volatile compounds may have a role in plant defence against pathogens, 
interfering at very early stages with pathogen endophytic invasion of mesophyll air space 
(Gershenzon and Dudareva 2007; Chitarrini et al. 2017a). No high modulation was found at 24 
hpi, with the presence of few perturbed VOCs. We identified the largest number of nodes in the 
network at the 48 hpi time point, indicating that metabolic changes involving in particular 
phenol and lipid compounds were maximal at that time. Among lipids we found higher 
concentrations in inoculated samples for some fatty acids, in contrast to Bianca in the same 
experimental conditions. In Bianca we found a faster decrease in some unsaturated fatty acids 
after P. viticola inoculation (Chitarrini et al. 2017a). In Jasmine fatty acids such as arachidic 
acid, oleic acid+cis-vaccenic acid, myristic acid, linolenic acid, stearic acid, lignoceric acid and 
some glycerolipids and gliycerophospholipids were accumulated after pathogen inoculation. 
Many functions of fatty acids are connected with the adjustment of membrane fluidity mediated 
by desaturases. Fatty acids have an important role in plant defence against environmental 
factors and pathogens, since they are modulators in transduction signal pathways (Walley et al., 
2013). In particular, polyunsaturated fatty acids are released from the membrane by lipase in 
response to biotic stress, with an important role as oxylipins. Of these, trienoic fatty acids are 
involved in response to pathogens; linolenic acid in particular (18:3) is reported to directly 
activate NADPH-oxidase and, by extension, to generate reactive oxygen intermediates after 
inoculation with Pseudomonas syringae pv. tomato (Yaeno et al. 2004). In the light of our 
findings, linolenic acid and other fatty acids may have a role in Jasmine response to P. viticola. 
Previous works have found prenols to be the class of lipids involved in the membrane structure 
and the redox mechanism, and in plant defence mechanisms (Enfissi et al. 2005; Osbourn et al. 
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2011). In Jasmine and in our previous work with Bianca, the oleanolic acid concentration 
increased in both conditions, so its modulation is not therefore specific to the defence response 
(Chitarrini et al. 2017a, b). The progressive accumulation of stress-related compounds in leaf 
discs in both conditions can be explained by other stress affecting the tissues as a consequence 
of leaf removal, punching of the leaf lamina and artificial conditions for leaf disc incubation.  
At 48 hpi phenols appeared to be highly modulated in response to the pathogen, particularly 
flavonols such as isorhamnetin-3-rutinoside, quercetin-3-glucoside+quercetin-3-galactoside, 
quercetin-3-O-glucuronide and rutin. Stilbenes and stilbenoids such as trans-resveratrol, 
pallidol, trans-piceid and astringin were modulated from 24 to 96 hpi. Phenylpropanoids were 
modulated at 48 hpi, comparing inoculated with not inoculated samples, in particular trans-
coutaric acid, sinapic acid and caftaric acid. All these compounds showed higher concentrations 
after pathogen infection. Our results are in agreement with statements in previous works about 
the importance of phenylpropanoid and flavonoids in resistance against pathogens due to their 
antimicrobial proprieties (Dixon et al. 2002; Ali et al. 2012; Chitarrini et al. 2017a). 
At 96 hours primary metabolism was modulated, in particular in sugars and amino acid 
compounds with a higher accumulation after P. viticola infection. It has been demonstrated that 
sugar concentration, sucrose in particular, can modulate the expression of genes related to 
photosynthesis, respiration, nitrogen and defence processes acting as signal molecules in plants 
(Jang et al. 1997; Ferri et al. 2011).  
A large number of connections are presented in the graph and the subgraphs are not clearly 
separated; this means that a large number of compounds showed differences between the two 
conditions at more than one time point (connected with different coloured lines). For example, 
we found that ceramide was connected at all times, indeed it accumulated significantly from 
very early on and continued along the entire time course in inoculated samples. Ceramide is 
thought to carry out signalling activity in the activation of defence-related plant programmed 
cell death (PCD), as recently discussed in the Bianca grapevine study (Kachroo and Kachroo 
2009; Berkey et al. 2012; Chitarrini et al. 2017a). We also found trans-resveratrol, pallidol, 
serine and benzaldehyde to have differences at more than one time point, probably having a key 
role in plant response to the pathogen. 
The picture for metabolite changes appears to be complex in Jasmine; we indeed found a high 
number of metabolites modulated after pathogen inoculation. Furthermore, we found earlier 
activation of metabolite changes as compared to Bianca, with the largest number of modulated 
metabolites at 48 hpi,  including phenols and lipid compounds (Chitarrini et al. 2017a). 
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3.2 Impact on the transcriptome  
We compared the transcriptome of inoculated samples and the not inoculated one (mock) at 
different time point (12, 24, 48 and 96 hours post infection/mock). We focused on transcript 
having absolute value of the log2 of the Fold Change greater than 1 (|log2FC|>1) and adjusted 
p-value<0.05. The choice should ensure to focus on  the total number of differentially expressed 
genes (DEGs) between inoculated samples and control (not inoculated). We found 432 DEGs 
including alternative transcripts for 35 genes (Table V. S6). The entire transcriptome was taken 
into account for the PCAs in which the first two dimension allow the separation of 12 and 96 
hours samples from the other time points based on the time; using the second and third 
dimension we can observe a better separation of all time points in both condition, without 
separation between inoculated and not inoculated (Fig. V. 4 A-B).  
 
 
Fig. V. 4: Principal component analysis performed on the entire transcriptome. A: dimension 1 (27.3%) dimension 
2 (11.4%); B: dimension 2 (11.4%), dimension 3 (5.9%) For each time point, three biological replicates (smaller 
dots) are represented for each condition (circle: inoculated samples; triangle: not inoculated) and linked with 
their means (larger dots). Each time point is represented with a different colour: red for samples collected at 12 
hpi, blue for 24 hpi samples, green for 48 hpi samples and violet for 96 hpi samples. 
 
PCA obtained using only DEGs showed clear separation between inoculated and not inoculated 
at 96 hours along the diagonal of the first two dimensions; using the second and third 
dimensions we also obtained slight separation of the two conditions at 24 and 48 hours (Fig. V. 
5 A-B). 
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Fig. V. 5: Principal component analysis performed on the DEGs. A dimension 1 (48.4%) dimension 2 (20.6%); B 
dimension 2 (20.6%), dimension 3 (11.3%) For each time point, three biological replicates (smaller dots) are 
represented for each condition (circle: inoculated samples; triangle: not inoculated) and linked with their means 
(larger dots). Each time point is represented with a different colour: red for samples collected at 12 hpi, blue for 
24 hpi samples, green for 48 hpi samples and violet for 96 hpi samples. 
 
P. viticola infection modulated the expression of only 2 genes up-regulated at 12 hpi; 70 genes 
(17 up-regulated; 53 down-regulated) at 24 hpi; 50 genes (41 up-regulated; 9 down-regulated) 
at 48 hpi and 340 genes (326 up-regulated; 14 down-regulated) at 96 hpi. A global view of the 
transcriptome perturbation shows a general down regulation at 24 hours post infection and an 
up regulation at 48 and 96 hours. Some genes were differentially regulated in unison among 
two or three time points as reports the Venn diagram (Fig. V. 6). 
Fig. V. 6: Common and unique DEGs at 12, 24, 48 and 96 hpi are represented in the Venn diagram.  
 
We focused our attention on the top 100 enriched GO terms (biological process) present in our 
DEGs. The 20 most meaningful GO categories are shown in Table V. 2.  
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Table V. 2: Top 20 enriched GOs categories presents in our DEGs. 
 
GO.ID Term Annotated Significant Expected  
GO:0050832 defense response to fungus 814 30 5.98 1.10E-12 
GO:0010200 response to chitin 639 28 4.7 2.00E-12 
GO:0050691 regulation of defense response to virus by host 9 6 0.07 1.24E-11 
GO:0009811 stilbene biosynthetic process 172 13 1.26 5.79E-10 
GO:0009751 response to salicylic acid 848 30 6.23 7.99E-09 
GO:0009805 coumarin biosynthetic process 217 13 1.6 9.77E-09 
GO:0009611 response to wounding 765 23 5.62 1.62E-08 
GO:0009625 response to insect 77 8 0.57 1.05E-07 
GO:0009809 lignin biosynthetic process 274 13 2.01 1.51E-07 
GO:0009862 
systemic acquired resistance, salicylic acid 
mediated signaling pathwat 
336 14 2.47 2.45E-07 
GO:0009867 jasmonic acid mediated signaling pathway 417 17 3.07 8.17E-07 
GO:0042742 defense response to bacterium 1062 24 7.81 1.43E-06 
GO:0010112 regulation of systemic acquired resistance 49 6 0.36 1.61E-06 
GO:0018879 biphenyl metabolic process 32 5 0.24 3.55E-06 
GO:0010363 
regulation of plant-type hypersensitive 
response 
513 15 3.77 7.40E-06 
GO:0000165 MAPK cascade 783 15 5.76 8.57E-06 
GO:0042184 xylene catabolic process 40 5 0.29 1.11E-05 
GO:0042203 toluene catabolic process 40 5 0.29 1.11E-05 
GO:0009595 detection of biotic stimulus 191 10 1.4 1.18E-05 
GO:0046417 chorismate metabolic process 41 5 0.3 1.25E-05 
 
At 12 hpi only 2 genes were differentially expressed (|log2FC|>1 and padj<0.05). Indole-3-
acetic acid amido synthetase (IAA) VIT_207s0129g00660.1 was over-expressed at 12; blue 
copper protein gene VIT_209s0002g06890.1 was up-regulated and differentially expressed in a 
significant manner at 12, 24 and 48 hpi in inoculated samples compared to the control (Figure 
V. 7). On manually exploring DEGs belonging to the “metabolic process” (GO:0008152), we 
found general down-regulation at 24 hpi. It has been suggested that the energy saved by down-
regulation of primary metabolism can be used for defence responses (Rojas et al. 2014). In our 
study the “tyrosine metabolic process” (GO:0006570) and “L-phenylalanine metabolic 
process” (GO:0006558) were down-regulated at 24 hpi. Secondary metabolism was also down-
regulated at 24 hpi, in particular the “stilbene biosynthetic process” (GO:0009811), “coumarin 
biosynthetic process” (GO:0009805), “flavonol biosynthetic process” (GO:0051555) and 
“carotenoid biosynthetic process” (GO:0016117).  
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Fig. V. 7: Heatmap representation of log2 fold change (inoculated/not inoculated) interesting genes. Blue and red 
boxes represent down and up regulation of the gene under pathogen attack. Asterisks identify significant 
differences (p<0.05) between inoculated and control. For VIT_216s0098g00860 we reported two alternatives 
transcripts (.1 and .2). IAA: indole-3-acetic acid; CH: chitinase; PR: pathogenesis-related protein; BGS: beta 
glucanase; F3DO: flavanone-3-dioxygenase;CaMBP: calmodulin binding protein;TLP: thaumatin like protein; 
CAB: chlorophyll a-b binding protein; LHCB2: light harvesring complex ii protein. 
 
In Jasmine inoculated samples, we found up-regulation of the “plant hypersensitive response“ 
(GO:0009626) at 48-96 hpi. It is known that biotrophic pathogens mainly activate the SA-
dependent signalling pathway in the host; in our DEGs we found GO specific categories such 
as the “salicylic acid biosynthetic process” (GO:0009697), “systemic acquired resistance, 
salicylic acid mediated signalling pathway“ (GO:0009862) and “response to salicylic acid 
stimulus” (GO:0009751) up-regulated at 48 and 96 hpi. The plant hypersensitive response led 
to activation of signalling transduction pathways in inoculated samples. Indeed, we found 
activation of the “MAPK cascade” category (GO:0000165) present in the top 20 enriched GOs 
(Table V. 2) previously identified as a signalling cascade fundamental for physiological 
functions involved in hormonal responses, cell cycle regulation, abiotic stress signalling, and 
defence mechanisms (Tena et al. 2001). For instance, up-regulation of a gene encoding the 
calmodulin-binding protein VIT_209s0002g04560.1 was significant at 48 and 96 hpi in 
inoculated samples (Fig. V. 7). Calmoduline-binding proteins play crucial roles in cellular 
signalling cascades through the regulation of numerous target proteins (Ranty et al. 2006). We 
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also observed the activation of the pathogenesis related protein (PR-1) gene 
VIT_203s0088g00910.1 at 24, 48 and 96 hpi in inoculated samples (Fig. V. 7). As already well-
described, PR genes play a crucial role in plant resistance to various pathogens (van Loon et al. 
2006; Liu et al. 2017). Members of PR-5 class proteins are also called thaumatin-like proteins 
(TLPs) because of their sequence similarity with the sweet-tasting protein thaumatin 
from Thaumatococcus danielli. In our DEGs we found up-regulation of the thaumatin-like 
protein VIT_202s0025g04330.1 at 48 and 96 hpi after P. viticola inoculation (Fig. IV. 7). Once 
resistance is induced, the plant expresses a number of inducible defence responses,  including 
the production of cell wall lytic enzymes such as chitinases and 1,3-β-glucanases (Lawton and 
Lamb 1987). Interestingly, after P. viticola inoculation we found enrichment of the “response 
to chitin” (GO:0010200), “chitin catabolic process” (GO:0006032) and “cellular response to 
chitin” (GO:0071323) GO categories and up-regulation of chitinase VIT_204s0008g00140.1 at 
24, 48 and 96 hpi after pathogen inoculation. Oomycetes differ from true fungi in terms of the 
presence of cellulose in the oomycete cell wall, as opposed to chitin in true fungi. Despite this, 
Werner et al. (2002) demonstrated chitin synthesis during growth and asexual propagation of 
P.viticola, with the presence of chitin on the cell walls of the hyphae, sporangiophores and 
sporangia of the grape downy mildew pathogen (Werner et al. 2002). In addition to this, we 
also found up-regulation of the “cell wall macromolecule catabolic process” (GO:0016998). 
At 24 and 48 hpi we also found up-regulation of betaglucanases VIT_208s0007g06040.1 and 
VIT_208s0007g06060.1 (Fig. V. 7). Metabolic processes seem to be reactivated at later time 
points; amino acid, carbohydrate and lipids were up-regulated, together with secondary 
metabolites such as the “coumarin biosynthetic process” (GO:0009805), and “stilbene 
biosynthetic process” (GO:0009811) present in the top 20 GO categories (Table V. 2) and 
flavanone 3-dioxygenase-like gene VIT_216s0098g00860, expressed with two alternative 
transcripts significantly up-regulated at 48 and 96 hpi (Fig. V. 7). Although the photosynthesis 
process can produce Reactive Oxygen Species useful for localised cell death against the 
pathogen, its down-regulation could be a mechanism to alleviate plant energy expenditure 
(Zurbriggen et al. 2010; Rojas et al. 2014). We found significant down-regulation of  
chlorophyll a-b binding protein VIT_210s0003g02900.1, chlorophyll a-b binding protein 4 
precursor homolog VIT_217s0000g06350.1 and light-harvesting complex ii protein lhcb 
VIT_210s0003g02890.1, involved in photosynthesis and photosynthetic electron transport 
chain processes at 96 hpi. 
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3.3 MCIA of metabolites and transcripts 
Among multivariate dimension reduction approaches, we choose MCIA, an exploratory data 
analysis method that identifies co-relationships between multiple high dimensional datasets 
(Meng et al. 2014) to integrate the two datasets and explore them jointly. In particular, MCIA 
can be applied when the same samples are measured using different omics techniques. It 
projects both the datasets into the same dimensional space and then solves an optimization 
problem using a covariance criterion. The results of the analysis are reported in Fig. V. 8. 
Transcripts and metabolites are represented as grey filled square and black filled dot 
respectively. The projection of both datasets is represented; inoculated samples (big coloured 
circles) and not inoclulated samples (big coloured triangles) are identified with different colours 
based on the time (red for samples collected at 12 hpi, blue for 24 hpi samples, green for 48 hpi 
samples and violet for 96 hpi samples). Close to each sample we can observe the small filled 
square (transcript dataset) and unfilled circle (metabolite dataset) that represents the respective 
omic projection. The distance between the symbol and the relative sample shows us how the 
two datasets are coherent. In view of this, we found very good consistency in not inoculated 
samples at 96 hours, which did not occur in inoculated ones, for which the two datasets appear 
in the opposite position to the sample.The MCIA is dominated by the time course. It is worth 
noting here that the MCIA is computed on all the transcriptomic data, which gives us a global 
picture of what is happening in the cell and is not determined only by the pathogen interaction. 
The analysis shows that at 96 hpi the effect of the pathogen is strongly manifested with a 
separation of inoculated from not inoculated samples. Anyway future integration analysis are 
required to better highlit the correlation between our two –omics datasets.  
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Fig. V. 8: MCIA analysis of two –omics datasets. Each transcript is represented with a grey filled square and each 
metabolite with a black filled dot. For each time point, three biological replicates are represented for each 
condition (circle: inoculated samples; triangle: not inoculated). Each time point is represented with a different 
colour: red for samples collected at 12 hpi, blue for 24 hpi samples, green for 48 hpi samples and violet for 96 hpi 
samples. Two connections with each sample are shown: a small filled square represents the sample position taking 
into account only the metabolomic dataset; a small unfilled dot represents the sample position taking into account 
only the transcriptomic dataset. The distance between the two symbols indicates the similarity between the two –
omics. 
4. Conclusions 
 
In this study a combined metabolomics and transcriptomics approach was applied to generate 
a global picture of the defence reaction mounted by Jasmine in response to P. viticola 
inoculation. Activation of the defence response induced the accumulation of volatile 
compounds (12-24 hpi) and lipids (48 hpi). The primary metabolism was down-regulated 
during the first hours post inoculation, concomitant with the up-regulation of genes related to 
specific defence mechanisms, hypersensitive response and signal transduction, in order to 
quickly counteract pathogen attack. Afterwards, genes belonging to GOs typical of primary and 
secondary metabolism were activated or over-expressed, together with the accumulation of 
important chemical compounds with potential antimicrobic properties, such us lipids and 
phenol compounds. Despite the advancements made in hightroughput technologies, integration 
of these data remains a challenge. In this study two –omics were combined to elucidate the 
interaction of a resistant variety Jasmine with P. viticola. Applying MCIA analysis we were 
able to integrate the entire two datasets but further integration analysis is needed to better 
correlate the two –omics.  
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Supplementary Figure V. S1: t-statistic values of our metabolites. For network analysis we took into account only 
metabolites with |t|>3. 
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Supplementary Table V. 5: List of metabolites with a t statistic absolute value greater than 3 and time point 
specification. 
 
Metabolite TIME t statistic 
1-Hexanol-2-ethyl 24 -3.61387 
1-Octanol 12 -3.34523 
1-Octanol 24 -3.23149 
1-Oleoyl-rac-glycerol 48 -3.34292 
1-Palmitoyl-sn-glycero-3-phosphocholine 48 -4.28257 
1,2-Dioleoyl-sn-glycero-3-phospho-rac-(1-glycerol)sodium 24 -3.79309 
1,2-Dioleoyl-sn-glycero-3-phospho-rac-(1-glycerol)sodium 48 -3.63764 
1,2-Dioleoyl-sn-glycero-3-phospho-rac-(1-glycerol)sodium 96 -4.65067 
1,2-Dioleoyl-sn-glycero-3-phosphocholine 48 -9.42845 
2-Cyclopentene-1-one-2-pentenyl 12 -3.51536 
2-Pentenal 12 -4.2407 
2-Pentenal 48 -3.20558 
2,4-Heptadienal 12 -3.72442 
2,4-Heptadienal 24 -6.90372 
2,4-Heptadienal 48 -3.18871 
2,4-Hexadienal 48 -3.00331 
2,4-Hexadienal 96 -3.12204 
3-Nonen-1-ol 24 -4.15736 
Abscisic 12 -3.13694 
Adonitol 96 -3.23759 
alpha-Rhamnose 96 -4.60048 
alpha-Terpinolen 12 -3.28411 
Arachidic 48 -7.06007 
Arbutin 96 -4.91811 
Aspartic 12 -8.54443 
Astringin 48 -4.52882 
Astringin 96 -3.79455 
Behenic 48 -4.49188 
Benzaldehyde 12 -12.5345 
Benzaldehyde 24 -5.03102 
Benzaldehyde 48 -8.95184 
Benzaldehyde 96 -3.65251 
Benzoic 12 -3.79761 
beta-Alanine 96 -4.16601 
beta-Ciclocitral 12 -3.52972 
beta-Ionone-epoxido 12 -3.34095 
Caffeic acid+catechin condensation 48 -3.12576 
Caffeic acid+catechin condensation 96 -3.84275 
Caftaric 48 -3.90984 
Ceramide 12 -14.605 
Ceramide 24 -27.497 
Ceramide 48 -17.1615 
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Ceramide 96 -15.1155 
cis-Piceid 48 -5.8127 
Citramalic 48 -4.67451 
Citric 96 -3.55806 
Cyclobutanemethanol 48 -3.78747 
Desmosterol 96 4.918915 
Dihydroactinidolide 12 -4.62477 
Esculin 48 -4.31966 
Farnesene 12 -3.30054 
Ferulic 12 3.829484 
Fucose 96 -6.93236 
Fumaric 48 -3.96194 
Gallic 48 -5.43171 
Geraniol 12 -9.46357 
Glucose  96 -3.94365 
Glyceryl trioleate 96 7.908166 
Glyceryl tripalmitoleate 96 -4.42801 
Hexanal 12 -4.04782 
Hexanal 48 -3.18381 
Hexanal 96 -6.47276 
Isoleucine 96 -5.46325 
Isorhamnetin-3-O-glucoside 48 3.347461 
Isorhamnetin-3-rutinoside 48 -5.73167 
Isorhapontin 96 -4.63637 
Kaempferol-3-O-glucoside 96 -3.2905 
Kaempferol-3-O-rutinoside 48 -3.33013 
Lactose 96 -3.1892 
Leucine 96 -5.18945 
Lignoceric 48 -12.8028 
Linolenic 48 -3.76781 
Lysine 12 -6.02651 
Malic 96 -3.60199 
Malonic 12 -3.59885 
meso-Erythriol 48 -4.18336 
myo-Inositol 48 -3.3675 
myo-Inositol 96 -5.13669 
Myricetin 96 -7.3156 
Myristic 48 -4.88568 
Myristic 96 -4.83239 
Oleanolic 48 -7.508 
Oleic acid+cis-Vaccenic 48 -3.1132 
Pallidol 12 -3.14652 
Pallidol 48 -3.12785 
Phenylalanine 96 -4.37555 
Phlorizin 48 -3.34079 
Phlorizin 96 -6.62349 
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Procyanidin B3 as B1 24 4.215774 
Proline 96 -3.73868 
Pyroglutamic 12 -4.54743 
Pyroglutamic 24 -3.06419 
Pyroglutamic 48 -6.45426 
Pyroglutamic 96 -5.10183 
Quercetin-3-glucoside+quercetin-3-galactoside (as que-3-glc) 48 -3.25247 
Quercetin-3-O-glucuronide 48 -3.81953 
Ribose 96 -12.7551 
Rutin 48 -4.32333 
Serine 12 -4.06745 
Serine 96 -3.48392 
Sinapic 48 -7.98779 
Sorbitol 12 -3.48311 
Sorbitol 48 -3.08914 
Stearic 48 -5.64894 
Sucrose 96 -4.63331 
Threonine 12 -3.75152 
trans-2-Hexenal 12 -4.50551 
trans-2-Hexenal 48 -3.26061 
trans-2-Hexenal 96 -4.14686 
trans-Coutaric 48 -7.55452 
trans-Piceid 24 -3.80608 
trans-Piceid 48 -7.75943 
trans-Resveratrol 12 -5.10929 
trans-Resveratrol 48 -5.04094 
unknown-10 12 -11.7843 
unknown-3 12 -4.46376 
unknown-3 48 -15.648 
unknown-3 96 -3.18951 
Uvaol 48 -13.1134 
Uvaol 96 -3.88727 
Valine 96 -5.00539 
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Supplementary Table V. 6: Differentially expressed genes from RNA-Seq analysis.  
DEGs 12 hpi  VIT_209s0002g00890.3  VIT_204s0008g02510.1  VIT_215s0046g01140.3 
VIT_209s0002g06890.1  VIT_209s0002g00890.4  VIT_204s0008g07150.1  VIT_212s0059g00830.1 
VIT_207s0129g00660.1  VIT_209s0002g01320.1  VIT_205s0049g00570.1  VIT_208s0040g00930.2 
  VIT_209s0002g02990.1  VIT_207s0031g01070.1  VIT_208s0040g00930.3 
DEGs 24 hpi  VIT_209s0002g03020.1  VIT_207s0031g01710.1  VIT_208s0040g00930.1 
VIT_200s0187g00010.1  VIT_209s0002g05400.1  VIT_207s0197g00130.1  VIT_202s0025g04250.1 
VIT_200s0270g00120.1  VIT_209s0002g06890.1  VIT_208s0007g06060.1  VIT_206s0004g06840.2 
VIT_200s0301g00080.1  VIT_210s0042g00840.1  VIT_208s0040g01130.1  VIT_203s0091g00310.1 
VIT_200s0346g00110.1  VIT_210s0042g00860.1  VIT_209s0002g01310.1  VIT_203s0091g00310.2 
VIT_200s0346g00110.2  VIT_210s0042g00870.1  VIT_209s0002g04560.1  VIT_201s0011g04630.1 
VIT_200s0615g00010.1  VIT_210s0042g00880.1  VIT_209s0002g06890.1  VIT_201s0127g00700.1 
VIT_200s0615g00010.3  VIT_210s0042g00890.1  VIT_211s0016g03250.1  VIT_210s0003g04190.1 
VIT_201s0146g00480.1  VIT_210s0042g00920.1  VIT_212s0057g00140.1  VIT_201s0010g03040.1 
VIT_201s0146g00480.2  VIT_211s0016g03250.1  VIT_212s0057g01020.1  VIT_216s0100g00830.1 
VIT_201s0146g00480.5  VIT_212s0034g01930.1  VIT_213s0019g04380.2  VIT_204s0008g06140.1 
VIT_202s0012g00390.1  VIT_214s0060g02170.1  VIT_214s0030g00680.1  VIT_202s0025g04260.1 
VIT_202s0012g01630.2  VIT_214s0108g00630.1  VIT_214s0066g01810.1  VIT_202s0025g04270.1 
VIT_202s0012g01630.3  VIT_214s0108g00690.1  VIT_214s0066g01840.1  VIT_214s0066g01590.3 
VIT_202s0025g00750.1  VIT_218s0001g06090.1  VIT_214s0066g01970.1  VIT_205s0077g00500.1 
VIT_202s0025g00760.1  VIT_218s0001g06120.1  VIT_214s0108g01000.1  VIT_201s0011g04650.1 
VIT_202s0033g01030.1  VIT_218s0001g10200.1  VIT_215s0024g00410.1  VIT_202s0025g01720.1 
VIT_202s0033g01050.1  VIT_218s0041g02010.1  VIT_215s0046g01140.1  VIT_201s0011g03420.1 
VIT_202s0033g01060.1  VIT_218s0041g02270.1  VIT_215s0046g02410.3  VIT_209s0002g08420.1 
VIT_203s0088g00710.1  VIT_218s0122g00620.1  VIT_216s0013g00070.1  VIT_216s0100g00950.1 
VIT_203s0088g00810.1  VIT_218s0166g00050.1  VIT_216s0022g00890.1  VIT_202s0025g04280.1 
VIT_203s0088g00910.1  VIT_219s0015g02680.1  VIT_216s0050g01890.1  VIT_215s0046g01570.1 
VIT_204s0008g00140.1  VIT_219s0015g02730.1  VIT_216s0098g00510.1  VIT_214s0083g00920.1 
VIT_204s0008g07150.1  VIT_219s0015g02890.1  VIT_216s0098g00860.1  VIT_212s0028g03020.1 
VIT_205s0020g03190.3  VIT_219s0093g00110.1  VIT_216s0100g00940.1  VIT_213s0067g02710.1 
VIT_205s0020g03190.5  VIT_219s0093g00190.1  VIT_216s0100g01000.1  VIT_202s0025g00760.1 
VIT_205s0020g03190.6    VIT_217s0000g03370.1  VIT_208s0007g05580.1 
VIT_205s0020g04780.1  DEGs 48 hpi  VIT_217s0000g03370.2  VIT_208s0040g00540.1 
VIT_205s0020g04780.3  VIT_200s0187g00020.2  VIT_217s0000g03370.4  VIT_209s0018g00240.1 
VIT_207s0031g00530.1  VIT_200s0259g00100.1  VIT_217s0000g04880.1  VIT_209s0018g00240.4 
VIT_207s0129g00390.1  VIT_201s0127g00560.1  VIT_218s0001g06170.1  VIT_209s0018g00240.5 
VIT_207s0129g00760.1  VIT_202s0025g00750.1  VIT_218s0122g00620.1  VIT_201s0011g05470.2 
VIT_207s0129g00800.1  VIT_202s0025g00760.1    VIT_212s0134g00170.1 
VIT_208s0007g00580.1  VIT_202s0025g04270.1  DEGs 96 hpi  VIT_204s0044g01430.1 
VIT_208s0007g01930.1  VIT_202s0025g04330.1  VIT_215s0048g02990.1  VIT_203s0038g04050.2 
VIT_208s0007g01940.1  VIT_203s0088g00700.1  VIT_217s0000g08160.1  VIT_218s0001g10200.1 
VIT_208s0007g01940.2  VIT_203s0088g00710.1  VIT_214s0060g02270.2  VIT_211s0052g01200.1 
VIT_208s0007g04800.4  VIT_203s0088g00810.1  VIT_219s0090g01540.1  VIT_217s0000g09710.1 
VIT_208s0007g06040.1  VIT_203s0088g00910.1  VIT_219s0090g00600.1  VIT_219s0014g05430.1 
VIT_208s0007g06060.1  VIT_204s0008g00140.1  VIT_211s0016g01810.1  VIT_215s0048g02070.1 
VIT_208s0007g07990.1  VIT_204s0008g01070.1  VIT_208s0007g08040.1  VIT_204s0044g00220.1 
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VIT_218s0122g00190.1  VIT_201s0011g00820.3  VIT_213s0074g00350.1  VIT_203s0063g02260.3 
VIT_208s0105g00180.1  VIT_201s0011g00820.2  VIT_218s0001g08760.1  VIT_202s0025g04330.1 
VIT_211s0052g01260.1  VIT_201s0011g00820.4  VIT_214s0036g00920.4  VIT_216s0050g01260.1 
VIT_212s0034g00130.1  VIT_210s0523g00020.5  VIT_214s0036g00920.3  VIT_215s0024g01170.1 
VIT_201s0011g03070.1  VIT_210s0523g00020.4  VIT_214s0036g00920.2  VIT_206s0061g01300.1 
VIT_208s0007g05790.1  VIT_210s0523g00020.2  VIT_214s0036g00920.1  VIT_204s0023g01080.1 
VIT_218s0072g00550.1  VIT_208s0056g00180.2  VIT_217s0000g08380.1  VIT_204s0008g06570.4 
VIT_201s0026g00980.1  VIT_208s0056g00180.1  VIT_203s0088g00910.1  VIT_204s0008g06570.1 
VIT_208s0058g00990.1  VIT_212s0059g00920.1  VIT_206s0009g01600.1  VIT_204s0008g06570.2 
VIT_215s0021g02060.1  VIT_203s0038g01450.1  VIT_204s0008g06930.1  VIT_204s0008g06570.3 
VIT_208s0007g03530.1  VIT_201s0127g00710.11  VIT_214s0083g00670.1  VIT_204s0008g05510.1 
VIT_208s0007g03530.2  VIT_201s0127g00710.10  VIT_213s0067g03070.1  VIT_203s0091g00690.1 
VIT_209s0002g00150.1  VIT_201s0127g00710.15  VIT_215s0021g02790.1  VIT_208s0032g01150.1 
VIT_209s0002g00150.2  VIT_201s0127g00710.14  VIT_215s0021g00470.3  VIT_206s0009g01620.1 
VIT_209s0002g00150.5  VIT_201s0127g00710.16  VIT_219s0138g00090.1  VIT_215s0046g02110.1 
VIT_209s0002g00150.7  VIT_214s0066g02610.1  VIT_216s0100g01010.1  VIT_205s0077g01970.1 
VIT_209s0002g00150.6  VIT_206s0004g04010.1  VIT_205s0020g04990.1  VIT_211s0016g03190.1 
VIT_212s0028g03010.1  VIT_216s0013g00070.1  VIT_216s0100g00770.1  VIT_211s0118g00800.3 
VIT_217s0000g02050.2  VIT_202s0025g04420.1  VIT_208s0058g01390.1  VIT_211s0118g00800.4 
VIT_217s0000g02050.1  VIT_204s0008g05760.1  VIT_208s0007g07990.1  VIT_211s0016g01060.1 
VIT_200s0181g00120.1  VIT_204s0008g05760.2  VIT_217s0000g02490.1  VIT_205s0020g03190.2 
VIT_203s0091g00810.1  VIT_204s0008g05760.3  VIT_213s0067g03140.1  VIT_201s0011g04460.3 
VIT_211s0016g00660.1  VIT_203s0017g01410.3  VIT_211s0037g00940.1  VIT_212s0035g00330.1 
VIT_204s0008g02510.3  VIT_203s0017g01410.2  VIT_214s0066g02060.1  VIT_203s0038g03430.2 
VIT_211s0016g04650.1  VIT_203s0017g01410.1  VIT_217s0000g01630.1  VIT_219s0014g04650.1 
VIT_205s0020g03710.1  VIT_216s0050g00410.1  VIT_211s0016g05780.1  VIT_214s0066g01970.1 
VIT_200s0199g00310.1  VIT_218s0001g07320.1  VIT_211s0016g00710.2  VIT_201s0026g01030.1 
VIT_205s0077g01600.1  VIT_205s0077g02350.1  VIT_217s0000g09190.2  VIT_207s0031g00530.1 
VIT_207s0191g00230.1  VIT_201s0026g00910.1  VIT_217s0000g09190.1  VIT_216s0098g00510.1 
VIT_201s0011g05250.1  VIT_217s0000g07420.1  VIT_212s0034g01900.1  VIT_201s0127g00710.9 
VIT_215s0021g00470.6  VIT_200s0253g00020.1  VIT_216s0013g01110.1  VIT_201s0127g00710.5 
VIT_215s0021g00470.5  VIT_204s0008g00140.1  VIT_201s0011g05180.1  VIT_201s0127g00710.4 
VIT_207s0129g01010.1  VIT_211s0118g00250.1  VIT_200s0615g00030.1  VIT_205s0020g00710.1 
VIT_213s0019g02990.1  VIT_213s0158g00100.1  VIT_215s0024g00410.1  VIT_207s0129g00240.1 
VIT_205s0020g02270.1  VIT_213s0156g00590.1  VIT_215s0024g00410.2  VIT_207s0005g00110.1 
VIT_209s0002g06400.1  VIT_216s0013g01090.1  VIT_217s0000g02480.1  VIT_207s0151g00210.1 
VIT_218s0001g09040.1  VIT_217s0000g04750.1  VIT_213s0067g00260.1  VIT_212s0057g00613.1 
VIT_216s0098g01150.1  VIT_213s0064g01220.1  VIT_216s0022g00700.1  VIT_203s0038g03570.1 
VIT_211s0052g01190.1  VIT_213s0019g01130.1  VIT_208s0058g00550.1  VIT_204s0044g01090.6 
VIT_218s0001g10180.1  VIT_205s0020g04000.1  VIT_208s0105g00190.1  VIT_212s0035g00350.1 
VIT_219s0090g01530.1  VIT_211s0118g00815.1  VIT_218s0001g15130.1  VIT_200s0399g00020.1 
VIT_200s0620g00010.1  VIT_207s0031g01130.1  VIT_216s0022g00890.1  VIT_216s0013g00410.1 
VIT_202s0025g04230.1  VIT_201s0011g05240.1  VIT_208s0007g08010.1  VIT_218s0001g15140.1 
VIT_211s0052g01180.1  VIT_217s0000g02020.1  VIT_206s0004g06940.1  VIT_216s0013g02150.1 
VIT_201s0011g00820.1  VIT_215s0045g01416.1  VIT_203s0063g02260.2  VIT_200s0181g00080.2 
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VIT_200s0181g00080.1  VIT_201s0011g03440.1  VIT_208s0007g08020.1 
VIT_202s0025g00650.2  VIT_208s0007g01070.1  VIT_200s1569g00010.1 
VIT_207s0005g00720.1  VIT_201s0011g06140.1  VIT_207s0151g00130.1 
VIT_203s0088g00700.1  VIT_215s0046g01160.1  VIT_204s0008g02510.2 
VIT_214s0006g02570.1  VIT_205s0077g01290.2  VIT_204s0008g02510.1 
VIT_213s0156g00150.1  VIT_215s0045g01370.1  VIT_206s0061g00120.1 
VIT_219s0014g03270.1  VIT_202s0025g02990.1  VIT_218s0001g03370.1 
VIT_202s0012g01390.1  VIT_216s0100g00910.1  VIT_214s0006g02330.1 
VIT_216s0050g01890.1  VIT_214s0006g02555.1  VIT_200s1380g00030.1 
VIT_207s0005g01950.1  VIT_216s0050g01400.1  VIT_214s0006g02370.1 
VIT_209s0054g00530.1  VIT_216s0050g02220.1  VIT_209s0002g01310.1 
VIT_211s0052g01300.1  VIT_206s0004g00150.1  VIT_208s0007g01550.1 
VIT_206s0061g00100.1  VIT_206s0009g01060.1  VIT_210s0003g02280.1 
VIT_211s0149g00070.2  VIT_219s0090g00120.1  VIT_207s0151g00270.1 
VIT_208s0040g00770.3  VIT_217s0000g07730.1  VIT_210s0003g02390.1 
VIT_216s0013g00440.1  VIT_202s0025g02805.1  VIT_210s0003g02400.1 
VIT_216s0013g00390.1  VIT_200s0477g00010.1  VIT_210s0003g02320.1 
VIT_202s0025g04310.1  VIT_208s0056g01310.1  VIT_210s0003g02350.1 
VIT_202s0025g04300.1  VIT_216s0050g01420.1   
VIT_201s0011g05670.2  VIT_212s0057g00420.2   
VIT_209s0070g00160.1  VIT_202s0234g00130.1   
VIT_212s0055g00020.1  VIT_218s0086g00410.1   
VIT_203s0038g00310.1  VIT_212s0034g00030.1   
VIT_214s0066g02350.1  VIT_218s0122g00230.1   
VIT_214s0006g00300.1  VIT_201s0010g02020.1   
VIT_208s0058g00670.1  VIT_201s0011g00690.1   
VIT_201s0011g02470.1  VIT_201s0011g04460.4   
VIT_212s0035g00920.1  VIT_201s0011g04460.1   
VIT_202s0025g02590.1  VIT_201s0011g04460.2   
VIT_216s0013g00480.1  VIT_218s0122g00190.2   
VIT_219s0015g01440.1  VIT_208s0007g06620.1   
VIT_213s0064g01455.1  VIT_202s0025g00650.1   
VIT_213s0019g01980.1  VIT_203s0038g03570.3   
VIT_201s0011g03430.1  VIT_203s0038g03570.2   
VIT_212s0035g00340.1  VIT_201s0010g02010.1   
VIT_208s0007g02360.1  VIT_202s0012g00890.1   
VIT_209s0054g00110.1  VIT_219s0090g01720.3   
VIT_204s0008g06570.5  VIT_215s0048g00530.1   
VIT_210s0116g00530.1  VIT_209s0002g04560.1   
VIT_216s0013g01080.1  VIT_204s0008g05390.1   
VIT_212s0142g00450.2  VIT_202s0025g01240.1   
VIT_200s0463g00025.2  VIT_208s0007g01560.1   
VIT_213s0084g00670.1  VIT_203s0017g01460.2   
VIT_210s0003g00390.1  VIT_214s0081g00020.1   
VIT_201s0011g02790.1  VIT_212s0057g00420.1   
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Concluding remarks 
 
 
The main aim of this PhD project was to better understand the mechanisms responsible for 
resistance in vine plants using targeted metabolomic and transcriptomic approaches. In 
particular, early responses to the pathogen P. viticola, occurring within the initial 96 hours post 
inoculation, were investigated using two interesting resistant varieties, Bianca and Jasmine. The 
central question of this study was to identify chemical compounds as putative biomarkers of 
resistance against P. viticola, building up the relationship between informative elements – 
genes/transcripts – and functional elements – metabolites – in cells. 
Our goal was to cover the maximum number of compounds from different chemical classes to 
identify and quantify them in grapevine leaf samples. To do this, the first part of the thesis has 
been devoted to covering the lack of targeted methods at our disposal for the development of: 
- a rapid and versatile method for the extraction, identification and quantification of 
different classes of grape lipids: fatty acids, sterols, glycerolipids, 
glycerophospholipids and sphingolipids using liquid chromatographic electrospray 
ionization tandem mass spectrometry (LC/ESI-MS/MS) (Chapter II); 
and the optimisation and validation of: 
- a GC-MS protocol for the identification and quantification of primary compounds. 
Specifically, the method was validated for 96 compounds: 29 acids, 17 amino acids, 
12 amines and others, 24 sugars and 14 fatty acids (Chapter IV). 
The two methods were successfully validated and applied to Bianca and Jasmine leaf discs.  
Furthermore, we decided to investigate the influence of mechanical wounding using a leaf disc 
technique. The use of leaf discs is widely adopted in various kinds of experiments for different 
vegetable species, in particular in studies regarding the effect of different types of biotic stress 
on the biochemical response of the grapevine. Since there was a little knowledge regarding 
mechanical wounding of grapevine leaves, this part of the thesis was targeted at analysing 
changes in phenolic, lipid and carotenoid content in Bianca grapevine leaves subjected to 
mechanical wounding (leaf discs) at 0, 6, 12, 24, 48, 96 and 120 hours after injury, testing two 
different sizes of leaf discs (1.1 cm and 2.8 cm in diameter) in order to determine the role of 
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these compounds in response to mechanical stress. For the first time, we focused attention on 
metabolic perturbation due to mechanical wounding in the grapevine. It was shown that 
compound accumulation needs to be taken into account when performing metabolic 
investigation. These results also show that when carrying out experiments on discs it is always 
necessary to have identical control samples for each time point, in order not to underestimate 
external factors and other stresses not involved in the research (Chapter III). 
The last two parts of this PhD project aimed to explore P.viticola-grapevine interaction. We 
used two different grapevine genotypes containing different sources of resistance to P. viticola.  
Grapevine and P. viticola interaction is still poorly understood in terms of metabolites: there is 
a need to improve knowledge about how the plant system is perturbed after biotic stress. In the 
third part of my project we used a resistant Bianca grapevine to identify biomarkers of host-
pathogen interaction by applying a metabolomics approach. We observed minimal metabolite 
changes in the host within 12 hpi; most of them were volatile compounds, which may interfere 
with pathogen endophytic invasion of mesophyll air spaces. The classes of biomarkers specific 
to 24 and 48 hpi suggested that early host responses to P. viticola were being set in place during 
those stages with a sharp shift in primary metabolism. Subsequently, secondary metabolism 
was affected more strongly by the pathogen, with changes in volatile compounds at 48-96 hpi 
and at the latest at 96 hpi in phenolic compounds. Based on our results, we can argue that all 
the compounds significantly differentiated in infected samples have a role in Bianca-P. viticola 
interaction. Specifically, 53 metabolites were identified as putative biomarkers in hybrid Bianca 
grapevine leaves after P. viticola inoculation. Some of them are known biomarkers of resistance 
(viniferins). Among the others, some are likely to be putative biomarkers of resistance in Bianca 
leaf discs after P. viticola infection, such as benzaldehyde and proline.  This is the first time 
that an extensive metabolomic study has been undertaken using a hybrid grape variety to better 
understand metabolic perturbation after P. viticola infection, finding early stage biomarkers for 
different chemical classes of metabolites. These results can represent a starting point for better 
understanding grapevine resistance and can lead to discoveries regarding new mechanisms for 
plant-pathogen interaction between the grapevine and P. viticola.  
In the fourth part of the project we decided to perform a two -omics investigation to obtain a 
wider vision, in order to decipher complex biological systems. Using the Jasmine grapevine we 
investigated metabolic and transcriptomic perturbation. We were able to identify 88 metabolites 
highly modulated after pathogen inoculation and probably involved in pathogen resistance. As 
already described in Bianca, we found volatile production at 12 hpi and then a large number of 
 123 
 
metabolites modulated at later stages. The 48 and 96 hour time points were characterised by an 
increase in some lipid compounds (mostly fatty acids) flavonols and phenylpropanoids; we also 
found an increase in amino acids and sugars after pathogen inoculation. The changes in 
metabolites reflect gene expression modulation. General down-regulation was found in the 
early stages, with reactivation of the metabolism at 48 and 96 hours. Genes related to plant 
response and hypersensitive response were over-expressed, starting from 12 hours and 
throughout the time course. Multiple co-inertial analysis was applied to integrate metabolomics 
and transcript data. We found evident differences between inoculated and uninoculated samples 
at 96 hpi and there was evidence of the influence of time in gene expression and metabolite 
accumulation.  
Future prospects for development of this thesis would involve the investigation of different 
genotypes of resistant grapevines. Different resistance sources could be taken into account to 
determine whether the type of resistance affects the accumulation of specific chemical 
compounds. The putative biomarkers should be better investigated and tested against the 
pathogen to confirm their implication in resistance processes. 
Another interesting future perspective could be better integration and networking of 
metabolomics and transcriptomic data, in order to investigate their correlation in resistance.  
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Summary of Ph.D. experiences 
 
  
This Ph.D. project is part of the International Ph.D. Program in the Genomics and 
Molecular Physiology of Fruits Plants (GMPF) of the Fondazione Edmund Mach International 
Research School Trentino (FEM-FIRS>T) with partner institution the University of Udine. In 
July 2013 I was selected for the Ph.D. scholarship to undertake research in “Metabolomics and 
Transcriptomics: novel approaches to understand resistance in grapevine against Plasmopara 
viticola” starting from November 2013.  
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I actively participated to national and international symposia and congress, such as the 
International Conference Plant Health for Sustainable Agriculture-PHSA (Ljubljana 2015); the 
IX In Vino Analytica Scientia Symposium-IVAS (Mezzocorona, 2015); X International 
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Chimica Italiana (Roma, 2016); oral presentation are accepted in Global Conference on Plant 
Science and Molecular Biology-GPMB (September 2017) and IPM3.0-The international 
conference on “Future Integrated Pest Management” (October 2017). 
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